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Preface 


NATURAL LANGUAGE PROCESSING 


Machine Learning and Deep Learning in Natural Language Processsing 
aims at providing a review of current techniques for extracting informa- 
tion from human language, with a special focus on paralinguistic aspects. 
Such techniques represent an important part of the Artificial Intelligence 
(AI) research field. In fact, especially after the advent of very powerful 
conversational agents able to simulate a human being and interact with 
the user in a very convincing way, AI and the historical field of Natural 
Language Processing almost become synonymous (think of the abilities of 
GPT-3-derived models; for example, ChatGPT). But let's start with a brief 
discussion about Al. 


BRIEF INTRODUCTION TO Al 


Al is the ability of machines to perform tasks that would normally require 
human intelligence; in particular, AI focuses on three cognitive processes: 
learning, reasoning, and self-correction. Historically, AI methods have been 
divided into two broad categories: model-driven and data-driven mod- 
els. The former approach is based on a model of the task to be performed, 
derived by human experts looking at data; then, an algorithm is devised, 
based on the model. Instead, in the latter approach, the model is directly 
computed from data. In the following, we will focus on the latter approach. 

Machine Learning (ML) is a sub-field of AI and refers to data-driven 
methods where systems can learn on their own, from (possibly anno- 
tated) data, without much human intervention. Using ML models, com- 
puter scientists train a machine by feeding it large amounts of data, the 
so-called datasets. In the so-called supervised approach, such datasets 
are annotated by human experts (e.g., think of a set of speech recordings 
annotated with the related transcriptions), and thus the machine tries to 
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find the correlations among input (e.g., speech recording) and output (e.g., 
provided transcription). Once trained, the machine is able to perform the 
task on new, unknown data (e.g., new speech recordings). Another popular 
approach is called unsupervised, where the machine is trained on a dataset 
that does not have any labels; the goal is to discover patterns or relation- 
ships in the data. Once trained, the machine is able to apply the pattern to 
new data; clustering is a typical application of the unsupervised approach. 

A semi-supervised approach is used when there is a combination of both 
labelled and unlabelled data, and labelled data is less in comparison with 
unlabelled data. Learning problems of this type cannot use neither super- 
vised nor unsupervised learning algorithms, and hence it is challenging. 

ML, in general, requires the developer to define the set of fea- 
tures (useful information extracted from “raw” data) that the model 
will leverage. For example, in automatic speech recognition, the Mel 
Frequency Cepstral Coefficient (MFCC) is the set of spectral and 
energy characteristics, extracted from the raw input audio samples, 
that classic ML models employed as input information. Selecting the 
right set of features is one of the most complex steps when a ML system 
is under development, and elicited much research efforts on feature 
selection, aggregation, etc. 

As an evolution of ML methodologies, the Deep Learning (DL) approach 
starts from raw data, leaving to the model the effort of discovering use- 
ful features to describe data in an efficient and effective way. Data, thus, 
go through a set of layers that try to extract a more and more abstract 
description of them. Then, the remaining parts of the model perform the 
required task. This approach is useful, in two ways: (1) developers do not 
need to choose the features, and (2) the description found by the model is 
usually way better than the set of pre-defined features developers employ. 
A Drawback of DL is the complexity of the resulting models and the need 
of a huge amount of data. 

In theory, many ML approaches can be “augmented” with DL, but in 
practice the models that are becoming the de-facto standards are based 
on Deep Neural Networks (DNNs, but often written as NNs). A NN is 
(loosely) inspired by the structure and function of the human brain; it 
is composed of a large number of interconnected nodes (neurons), which 
are usually organized into (many, in case of DNN) layers. Many differ- 
ent architectures (i.e., organization structures) have been defined so far, 
and probably many more will follow, permitting NNs to cope with basi- 
cally any data typology (numbers, text, images, audio, etc.) executing any 
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conceivable task. DNNs proved to be so effective that often re-defined 
entire research fields (think of, for example, image recognition). 

Natural Language Processing (NLP) is a subset of AI, linguistics, and 
computer science, and it is concerned with generation, recognition, and 
understanding of human language, both written and spoken. NLP systems 
examine the grammatical structure of sentences as well as the specific 
meanings of words, and then they utilize algorithms to extract meaning 
and produce results. In other words, NLP permits to understand human 
language so that it can accomplish various activities automatically. NLP 
started in the 1950s as the intersection of AI and linguistics, and at present 
it is a combination of various diverse fields. In terms of NLP, task meth- 
ods for NLP are categorized into two types: syntax analysis and semantic 
analysis. Syntax analysis deals with understanding the structure of words, 
sentences, and documents. Some of the tasks under this category include 
morphological segmentation, word segmentation, Part-of-Speech (POS) 
tagging, and parsing. Semantics analysis, on the other hand, deals with 
the meanings of words, sentences, and their combination and includes 
named entity recognition, sentiment analysis, machine translation, ques- 
tion answering, etc. 


NLP MULTIMODAL DATA: TEXT, SPEECH, 
NON-VERBAL SIGNALS FOR ANALYSIS AND SYNTHESIS 


Data is available across a wide range of modalities. Language data is mul- 
timodal and is available in the form of text, speech, audio, gestures, facial 
expressions, nodding the head, acoustics, and so in an ideal human- 
machine conversational system, machines should be able to understand 
and interpret this multimodal language. 

Words are fundamental constructs in natural language and when 
arranged sequentially, such as in phrases or sentences, meaning emerges. 
NLP operations involve processing words or sequences of words 
appropriately. 

Identifying and extracting names of persons, places, objects, orga- 
nizations, etc., from natural language text is called the Named Entity 
Recognition (NER) task. Humans find this identification relatively easy, 
as proper nouns begin with capital letters. NER plays a major role in solv- 
ing many NLP problems, such as Question Answering, Summarization 
Systems, Information Retrieval, Machine Translation, Video Annotation, 
Semantic Web Search, and Bioinformatics. The Sixth Message 
Understanding Conference (MUC6) introduced the NER challenge, which 
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includes recognition of entity names (people and organizations), location 
names, temporal expressions, and numerical expressions. 

Semantics refers to the meaning being communicated, while syntax 
refers to the grammatical form of the text. Syntax is the set of rules needed 
to ensure a sentence is grammatically correct; semantics is how one’s lexi- 
con, grammatical structure, tone, and other elements of a sentence com- 
bine to communicate its meaning. 

The meaning of a word in Natural Language can vary depending on its 
usage in sentences and the context of the text. Word Sense Disambiguation 
(WSD) is the process of interpreting the meaning of a word based on its 
context in a text. For example, the word “bark” can refer to either a dog’s 
bark or the outermost layer of a tree. 

Similarly, the word “rock” can mean a “stone” or a “type of music” with 
the precise meaning of the word being highly dependent on its context 
and usage in the text. Thus, WSD refers to a machine’s ability to overcome 
the ambiguity involved in determining the meaning of a word based on its 
usage and context. 

Historically, NLP approaches took inspiration from two very differ- 
ent research fields: linguistics and computer science; in particular, lin- 
guistics was adopted to provide the theoretical basis on which to develop 
algorithms trying to transfer the insight of the theory to practical tasks. 
Unfortunately, this process proved to be quite difficult, as theories were 
typically too abstract to be implemented as an effective algorithm. On 
the other hand, computer science provided plenty of approaches, from AI 
and Formal Languages fields. Researchers took inspiration from practi- 
cally any methodology defined in such fields, with mixed results. Thus, 
the result was a plethora of very different approaches, often tailored on 
very specific tasks, that proved difficult to generalize and often not very 
effective. 

However, in a seminal paper published in 2003, Bengio and colleagues 
proposed an effective language model based on DNNs (Bengio et al., 2003). 
Moreover, in 2011, Collobert and colleagues proved that many NLP tasks 
could be greatly improved adopting DNNs (Collobert et al., 2011). Since 
then, ML and in particular DL and DNNs emerged as fundamental tools 
able to significantly improve the results obtained in many NLP tasks. 

One of the most difficult tasks that classical NLP methodologies strug- 
gled to cope with is the recognition of any kind of content “hidden” in 
the language, such as emotions, empathy, and in general any non-literal 
content (irony, satirical contents, etc.). As DL promises to improve on 
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those areas, in this book we will focus on the richness of human affective 
interactions and dialogues (from both textual and vocal points of view). 
We will consider different application fields, paying particular attention to 
social and critical interactions and communication, and to clinics. 


HOW THIS BOOK IS ORGANIZED 


We organized the chapters into five parts: I. Introduction, II. Overview of 
Conversational Agents, III. Sentiment and Emotions, IV. Fake News and 
Satire, and V. Applications in Healthcare. 

In Part I, the editors introduce ML, DL, and NLP and the advancement 
of NLP applications using these technologies. 

Part II provides an overview on current methodologies for Conversational 
Agents and Chatbots. Chapter 2 focuses on the applications of Chatbots and 
Conversational Agents (CAs) where the authors have highlighted how vari- 
ous AI techniques have helped in the development of intelligent CAs, and 
they have also compared the different state-of-the-art NLP-based chatbot 
architectures. An architecture of an open-domain empathetic CA designed 
for social conversations trained in two steps is presented in Chapter 3. The 
agent learns the relevant high-level structures of the conversation, leverag- 
ing a mixture of unsupervised and supervised learning, and in the second 
step the agent is refined through supervised and reinforcement learning to 
learn to elicit positive sentiments in the user by selecting the most appropri- 
ate high-level aspects of the desired response. 

Part III focuses on methodologies for sentiment and emotion detection, 
and for production of Conversational Agent output that is augmented with 
emotions. In Chapter 4 authors present EMOTRON the conditioned gen- 
eration of emotional speech trained with a combination of a spectrogram 
regression loss, to enforce synthesis, and an emotional classification style 
loss, to induce the conditioning. 

Part IV presents methodologies for coping with fake news and satirical 
texts. In Chapter 5, how DL can be trained to effectively distinguish satiri- 
cal content from no satire is highlighted. In Chapter 6 the authors present 
the development of a prototype to assist journalists with their fact-check- 
ing activities by retrieving passages from news articles that may provide 
evidence for supporting or rebutting the claims. 

Finally, Part V shows some implementations of CA in the field of health- 
care. Chapter 7 focuses on the structure and development of the algorith- 
mic components of VocalHUM, a smart system aiming to enhance the 
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intelligibility of patients’ whispered speech in real time, based on audio to 
minimize the muscular and respiratory effort necessary to achieve ade- 
quate voice intelligibility and the physical movements required to speak 
at a normal intensity. Chapter 8 identifies the features essential for early 
detection of Parkinson’s disease using a ML approach, and Chapter 9 
explains how CAs, NLP, and ML help in psychotherapy. 


NOTE 
1. https://openai.com/blog/chatgpt/ 
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CHAPTER 1 


Introduction to 
Machine Learning, Deep 
Learning, and Natural 
Language Processing 


Anitha S. Pillai 


Hindustan Institute of Technology and Science, Tamil Nadu, India 


Roberto Tedesco 


Scuola universitaria professionale della Svizzera 
italiana (SUPSI), Lugano-Viganello, Switzerland 


1.1 ARTIFICIAL INTELLIGENCE FOR NATURAL 
LANGUAGE PROCESSING 

Natural Language Processing (NLP) is a sub-field of computer science, 
information engineering, and Artificial Intelligence (AI) that deals with 
the computational processing and comprehension of human languages. 
NLP started in the 1950s as the intersection of AI and linguistics, and at 
present it is a combination of various diverse fields (Nadkarni et al., 2011, 
Otter et al., 2021). Ample volume of text is generated daily by various social 
media platforms and web applications making it difficult to process and 
discover the knowledge or information hidden in it, especially within the 
given time limits. This paved the way for automation using AI techniques 
and tools to analyze and extract information from documents, trying to 
emulate what human beings are capable of doing with a limited volume 
of text data. Moreover, NLP also aims to teach machines to interact with 
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human beings using natural language, allowing for advanced user inter- 
faces that can be based on text or even speech. 

NLP tasks can be categorized into two types: syntax analysis and 
semantic analysis. Syntax analysis deals with understanding the struc- 
ture of words, sentences, and documents. Some of the tasks under this 
category include morphological segmentation, word segmentation, 
Part-of-Speech (POS) tagging, and parsing (Chai & Li, 2019). Semantic 
analysis, on the other hand, deals with the meaning of words, sentences, 
and their combination and includes Named Entity Recognition (NER), 
Sentiment Analysis, Machine Translation, Question Answering, etc. 
(Chai & Li, 2019). 


1.2 MACHINE LEARNING AND DEEP LEARNING FOR NLP 


Machine Learning (ML) for NLP and text analytics involves a set of sta- 
tistical techniques for identifying parts of speech, named entities, senti- 
ments, emotions, and other aspects of text. ML is a subset of AI which 
deals with the study of algorithms and statistical methods that computer 
systems use to effectively perform a specific task. ML does this without 
using explicit instructions, relying on patterns and learns from the dataset 
to make predictions or decisions. ML algorithms are classified into super- 
vised, semi-supervised, active learning, reinforcement, and unsupervised 
learning (Langley, 1986). 


1.2.1 NLP Multimodal Data: Text, Speech, and Non-Verbal 

Signals for Analysis and Synthesis 
Data is available across a wide range of modalities. Language data is mul- 
timodal and is available in the form of text, speech, audio, gestures, facial 
expressions, nodding the head, and acoustics. So in an ideal human- 
machine conversational system, machines should be able to understand 
and interpret this multimodal language (Poria et al., 2021). 


1.2.2 The Fundamental Role of Words 


Words are fundamental constructs in natural language and when 
arranged sequentially, such as in phrases or sentences, meaning emerges. 
NLP operations involve processing words or sequences of words 
appropriately. 

Words do not come in random order. They obey grammatical rules 
and convey some meaning. This characteristic of language can be cap- 
tured and represented by means of a Language Model (LM). A LM, in its 
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simplest form, is just a discrete probability distribution that permits to 
assign a probability value to any sequence of words: 


P(w,, Wa»... Wn) 


Such probability distribution is usually too bit to be explicitly repre- 
sented (consider that each w, assumes values in a set that contains the 
whole vocabulary of the language being represented by the model), and 
thus several approximations are adopted (n-grams being the most popu- 
lar). LMs are often the basic tool adopted in several NLP tasks. 


1.2.3 Named Entity Recognition 


Identifying and extracting names of persons, places, objects, organiza- 
tions, etc., from natural language text is called a Named Entity Recognition 
(NER) task. Humans find this identification relatively easy, as proper 
nouns begin with capital letters. NER plays a major role in solving many 
NLP problems such as Question Answering, Summarization Systems, 
Information Retrieval, Machine Translation, Video Annotation, Semantic 
Web Search, and Bioinformatics. The Sixth Message Understanding 
Conference (MUC6) (Sundheim, 1995) introduced the NER challenge, 
which includes recognition of entity names (people and organizations), 
location names, temporal expressions, and numerical expressions. 


1.2.4 Syntax and Semantics 


Semantics refers to the meaning being communicated, while syntax refers 
to the grammatical form of the text. Syntax is the set of rules needed to 
ensure a sentence is grammatically correct; semantics is how one’s lexicon, 
grammatical structure, tone, and other elements of a sentence combine to 
communicate its meaning. 


1.2.5 Word Sense Disambiguation and Coreference Resolution 


The meaning of a word in Natural Language can vary depending on its 
usage in sentences and the context of the text. Word Sense Disambiguation 
is the process of interpreting the meaning of a word based on its context in 
a text. For example, the word “bark” can refer to either a dog’s bark or the 
outermost layer of a tree. 

Similarly, the word “rock” can mean a stone or a type of music; the pre- 
cise meaning of the word is highly dependent on its context and usage in 
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the text. Thus, Word Sense Disambiguation refers to a machine’s ability to 
overcome the ambiguity of determining the meaning of a word based on 
its usage and context. 

Coreference resolution, instead, deals with finding all expressions that 
refer to the same entity in a text; in particular, an important sub-task is 
pronominal reference resolution, which deals with finding the expression 
a given pronouns refers to. Coreference resolution permits to improve the 
accuracy of several NLP tasks, such as document summarization, question 
answering, and information extraction. 


1.3 SPEECH PROCESSING (ANALYSIS AND GENERATION) 


1.3.1 Automatic Speech Recognition 


Automatic Speech Recognition (ASR) refers to the task of recognizing what 
human beings speak and translating it into text. This research field has 
gained a lot of momentum over the last decades. It also plays an important 
role for human-to-machine communication. The earlier methods used 
manual feature extraction and conventional techniques such as Gaussian 
Mixture Models (GMMs), the Dynamic Time Warping (DTW) algorithm, 
and Hidden Markov Models (HMMs). Recently, neural networks — such as 
Recurrent Neural Networks (RNNs), Long Short-Term Memory (LSTM), 
Convolutional Neural Networks (CNNs), and transformers architectures, 
which leverage the attention mechanism, like Bidirectional Encoder 
Representations from Transformers (BERTs) (Huang et al., 2021) - revo- 
lutionized the field, obtaining much better results with no need for per- 
speaker fine-tuning. 


1.3.2 Text-to-Speech 


The goal of a Text-to-Speech (TTS) system is to convert text into speech. 
There have been numerous approaches over the years, the most prominent 
of which are concatenation synthesis and parametric synthesis. TTS sys- 
tems take input as text and provide output as an acoustical form. ML and 
Deep Learning (DL) have contributed to advances in TTS, as Al-based 
techniques can leverage a large scale of <text, speech> pairs to learn effec- 
tive feature representations to bridge the gap between text and speech and 
better characterize the properties of events (Ning et al., 2019). 

The most natural way of human communication is through voice. It 
describes linguistic content (the so-called segmental level) as well as para- 
linguistic emotions and features (the suprasegmental level). The speaker’s 
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intended message is represented by the linguistic content, while speech 
prosody and other acoustic features convey paralinguistic characteristics, 
giving a far richer array of information about a speaker’s identity, gender, 
age, emotions, etc. (Latif et al., 2021). HMMs and GMMs have been used 
extensively in speech processing, and currently they are being replaced 
by DL models. DL models have become an essential component in TTS, 
ASR, and other speech-processing tasks. The three major components of 
speech processing are: pre-processing, feature extraction, and ML algo- 
rithms (Latif et al., 2021). 


1.3.3 Jointly Processing Text and Speech in 
Interactions and Communication 

Some NLP tasks require (or provide better results) when text and speech 
are jointly processed. For example, it is well known that emotions affect 
both the segmental and the suprasegmental levels of human language; in 
other words, emotion is usually conveyed by means of specific terms (for 
example, the words “sad” or “happy)” and by means of subtle variation in 
the prosodic characteristic of voice (for example, different pitch contour or 
different energy contour). Thus, a model could try to leverage both “chan- 
nels,” working on text and speech at the same time. 

Let’s name E a candidate emotion, T the input text, S the input speech, 
E, the decision of a model based on text, and E, the decision of a model 
based on speech; we can use two models: 


Er = argmaxs P(E | T) 
Es =argmax, P(E | S) 


And then let’s put together the two decisions by means of a third model 
that provided the final decision Es: 


Ey = argmaxe P(E | Er,Es) 


We can train separately the first two models, one for text and one for 
speech, and then connect their output by means of a third, “merging” 
model (again, trained separately). The two initial models are easy to train, 
as they are coping with just one input “channel”; moreover, there is no need 
for a big dataset! containing speech and text at the same time (each model 
needs its own dataset). The “merging” model, which needs a text-speech 
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dataset, can be simple as most of the work is already done by the two initial 
models (and thus the text-speech dataset does not need to be huge). 

PATHOSnet (Scotti et al., 2020) is an example of such “ensemble” 
approach, where two neural networks were trained separately and then 
“connected” to form the final model, which was further refined. 

However, this approach only partially considers the relationship 
between text and speech, as these two channels are processed separately. 
So, let’s instead consider a single model that tries to handle text and speech 
at the same time: 


Er = argmaxe P(E | T,S) 


This approach is truly able to discover and leverage the reciprocal rela- 
tionships between segmental and suprasegmental levels, but it is much 
more complex than the method presented above. In fact, the model 
needs to deal with two different input typologies, and thus its structure 
must be more complex; moreover, training such a model requires a huge 
text-speech dataset. 

Guo et al. (2022) is an example of such an approach where authors pro- 
pose an Implicitly Aligned Multimodal Transformer Fusion (IA-MMTE) 
framework based on acoustic features and text information. This model 
enables the text and speech modalities to guide and complement each 
other when learning emotional representations. 


1.4 Al DATA-DRIVEN METHODS AND MODELS FOR NLP 


Recently introduced pre-trained LMs have the ability to address the issue 
of data scarcity and bring considerable benefits by generating contextu- 
alized word embeddings. These models are considered counterparts of 
ImageNet in NLP and have demonstrated to capture different facets of 
language such as hierarchical relations, long-term dependency, and senti- 
ment (Zaib et al., 2020). 


1.4.1 Introduction to Neural Data-Driven Models 

vs. Stochastic Data-Driven Models 
A stochastic model represents a situation where there is uncertainty and 
can be used to model a process that has some kind of randomness. The 
word “stochastic” comes from the Greek word stokhazesthai, meaning 
“aim” or “guess.” Uncertainty is a part of everyday life, so a stochastic 
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model could literally represent anything. A stochastic model uses a math- 
ematical model to derive all possible outcomes of a given problem using 
random input variables and focuses on the probability distribution of pos- 
sible outcomes. Examples are Monte Carlo Simulation, Regression Models, 
and Markov Chain Models. The opposite is a deterministic model, which 
predicts outcomes with 100% certainty. 

A neural network is a representative model of the way the human brain 
processes information and works by simulating a large number of inter- 
connected processing units that resemble abstract versions of neurons. A 
neural network has three components: an input layer, with units repre- 
senting the input fields; one or more hidden layers; and an output layer, 
with a unit representing the output/target fields. The units are connected 
with varying weights. Input data is fed to the first layer, i.e., input layer, 
and values propagate from each neuron to every neuron in the next layer. 
Eventually, a result is obtained from the output layer. 

Initially, all weights are chosen at random, and the output obtained 
from the net is most likely incorrect. Network learns with the help of train- 
ing, where examples with known outcomes are regularly presented to the 
network, and the responses it provides are compared to the known results 
(by means of a predefined loss function); if the results are not satisfactory, 
the weights are modified by means of a procedure called backpropagation. 
As training advances, the network’s ability to predict and classify known 
outcomes improves. Once trained, the network may be applied to future 
situations with unknown outcomes. 


1.4.2 Natural Language Processing 


Machine Learning approaches such as naive Bayes, k-nearest neighbors, 
HMMs, Conditional Random Fields (CRFs), decision trees, random for- 
ests, and support vector machines were popular in the past (Otter et al., 
2021). However, in recent years, there has been a wholesale transforma- 
tion, with neural models completely replacing, or at least augmenting, 
these approaches. In particular, deep neural networks, which are com- 
posed of several layers, proved to outperform the other approaches and 
nowadays they represent the state of the art. Note that NLP requires the 
models to deal with input sequences of unknown size, where the com- 
ponents (i.e., the words) are “interconnected” in complex ways, and 
often exhibit long-range dependencies; this constrain often lead to the 
design of approximated models that actually did not consider the whole 
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sequence and ultimately were not able to fully capture word dependen- 
cies. Neural structures, such as RNNs (in particular, LSTMs or GRUs) 
or the currently best approach, called “attention mechanism”, permit to 
handle input sequences and capture long-range word dependencies. In 
particular, neural networks permit to represent LMs in a very effective 
way, permitting to design the so-called Large Language Models (LLMs) 
that are then leveraged, as basic building blocks, by several network 
models. 


1.4.3 Future Directions for Deep Learning: Explainability and Bias 


Conventional NLP systems have been mostly based on techniques that are 
innately explainable. But over the recent years, with the increase in use of 
various methods and techniques like DL models, the quality has improved 
at the expense of being less explainable. As AI and NLP become more and 
more important, and users rely (sometimes blindly) on what is generated 
by such models, we need to ensure such models do provide correct results; 
thus, investigating the “behavior” of a model (or, as it is usually called, the 
“explainability” of a model) is becoming crucial. A well-known example is 
given by the so-called “hallucination” problem that affects conversational 
agents based on complex LLMs, where the model tends to generate content 
that appears to be correct but is actually false or simply senseless. This has 
given rise to a novel field known as Explainable AI (XAI). XAI is vital for 
an organization in building trust and confidence when putting AI models 
into production. The advantage of using XAI is providing transparency 
on how decisions are made by AI systems, and this in turn promotes trust 
between humans and machines. It can be used in healthcare, marketing, 
financial service, insurance, etc. XAI is expected to help in understanding 
why the AI system made a particular prediction or decision, or why it did 
not do something else. 

Bias can impact ML systems at every stage, and the concept that is 
closely associated with bias is “fairness.” An NLP system is considered 
to be “fair” when its outcomes are not discriminatory according to cer- 
tain attributes, like gender or nationality (Garrido-Muñoz et al., 2021). 
Unbiased training data is an essential requirement if the deductions 
reached by NLP algorithms are to be trusted. According to Garrido- 
Muñoz et al., “The stereotyping bias in a language model is the unde- 
sired variation of the probability distribution of certain words in that 
language model according to certain prior words in a given domain” 
(Garrido-Muñoz et al., 2021). 
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FIGURE 1.1 Different categories of bias. (Hovy & Prabhumoye, 2021.) 


Bias from data arises from the dataset used for training (see Figure 1.1). 
For example, if we select an audio dataset from a specific demographic 
group, then it would be dominated by the dialect of a specific group and 
hence would have difficulty understanding other dialects. Annotators 
can also introduce label bias when they are distracted, uninterested, or 
lazy about the annotation task (Hovy & Prabhumoye, 2021). A balanced, 
well-labelled dataset also contains semantic bias: the most common text 
inputs represented in NLP systems, word embeddings (Mikolov et al., 
2013), have been shown to pick up on racial and gender biases in the 
training data (Bolukbasi et al., 2016; Manzini et al., 2019). Using “bet- 
ter” training data alone cannot prevent bias from models, as languages 
evolve continuously; so even a representative sample can only capture a 
snapshot — at best, a temporary solution (Fromreide et al., 2014). Systems 
trained on biased data amplify the bias when applied to new data, and 
sentiment analysis tools detect societal prejudices, which results in 
different outcomes for various demographic groups (Zhao et al, 2017; 
Kiritchenko & Mohammad, 2018). Bias from research design arises as 
most of the work related to NLP is still conducted in and on the English 
language. It focuses on Indo-European data and text sources rather than 
other language groups or less-spoken languages, such as those found in 
Asia or Africa; and though there is immense data available in other lan- 
guages, most NLP tools have a bias towards English (Joshi et al., 2020; 
Munro, 2013; Schnoebelen, 2013). 
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NOTE 


1. Often, in the NLP field, datasets are called corpora; in the rest of the book, 
such terms will be used interchangeably. 
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2.1 INTRODUCTION 


Conversational agents and chatbots play an important role in daily life. 
Computer system conversational agents are used in creating computer- 
assisted human interaction systems in the educational, industrial, health- 
care, and political domains [1]. We can see significant use of conversational 
agents to power customer interaction for product marketing and customer 
support in these domains. Intelligent agents are created and provided as 
software as a service application by various companies. This software will 
then be customized to the client's needs, where the engineers will create 
the application's intelligence. Most of the agents that are provided as a ser- 
vice use complex learning and algorithms to process the customer query 


and provide a result. 

The intelligent bots created with the help of conversational agents are 
efficient in dealing with customer support. These systems are designed 
with the help of natural language technologies that are designed to pro- 
cess human inputs to computer understanding format. These systems are 
usually engaged in the initial discussion with the customer to gain more 
information about the customer’s problem. Once the basic interaction is 
done, these agents capture the required information, and based on this 
the customers are directed to the right agent for their problem, making 
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customer support a better experience. Similar applications for handling 
users are designed in most conversational agent-based systems [2]. Apart 
from this common approach of using intelligent agents, conversational 
agents also answer frequently asked questions. Textual communication 
agents and voice-based agents both are gaining popularity. Apart from 
all the advantages, the engagement of conversational agents has a huge 
drawback: failing to understand the user’s emotions. They work the same 
with all people, all the time. They have the intelligence taught to them, and 
they fail to process the right information since they cannot mimic human 
behavior. 

Chatbots and intelligent agents are trained to provide accurate infor- 
mation to the users. They are not able to generate new information. They 
learn from their past experiences in the advanced architectures of intel- 
ligent agents. However, most of these agents work based on the knowledge 
fed to them. Many industries and domains employ intelligent agents in 
various use cases. One such application is the use of chatbots in archaeo- 
logical parks in Italy to provide contextual facts to visitors [3]. Many such 
interesting applications of intelligent agents can be identified apart from 
the conventional use of agents for simple needs. Voice-based applications 
like Alexa, Siri, and other interactive personal assistants also use conversa- 
tional agents to communicate with humans. Natural Language Processing 
(NLP) is extensively used to create effective conversational agents in such 
applications. 

The development of Artificial Intelligence (AI) and information- 
communication technologies help in the advancement of conversational 
agents in terms of organization and preciseness. Intelligent agents are 
being developed for textual- and voice-based communications. The 
use of facial recognition and gestures is one complicated area where 
the user agents need great improvement [4]. Researchers are focusing 
on these areas. However, the major drawback of such an approach is 
that it is challenging to identify an intelligent technology that helps the 
bots think and understand emotions. But as technology progresses, this 
problem of intelligent agents can be addressed with the help of AI and 
its derivatives. 

Besides the traditional chatting or communicating agents’ default 
functionality, new age conversational agents are focusing on user engage- 
ment. These systems primarily focus on the content-based systems’ user 
engagement by creating impulsive behavioral patterns in users. This is 
attained by suggesting various items and contents for engaging users 
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and making them spend more time on their websites and applications. 
To develop an application with user engagement and experience agents, 
a lot of user behavior data is required while the user is getting into such 
an application-based interaction system. Real-time interaction with 
and learning of user behavior are required in such applications. Such 
complex learning and adapting systems with the help of conversational 
agents are developed with the support of NLP, Machine Learning (ML), 
and web scraping techniques. Capturing user data and analyzing them 
to create a new market for the client is the new responsibility of intel- 
ligent agents. 


2.2 CHATBOTS AND CONVERSATIONAL AGENTS 


Chatbots and conversational agents are a dialogue system that enables 
human-computer interaction with the help of natural language for 
communication. This system efficiently understands and generates nat- 
ural language content using text, voice, and gestures. The conversational 
agents effectively understand the user input, create data accordingly, 
and are used in various applications. With the help of AI and ML, 
the agents are more trained and can give precise outputs. Chatbots are 
one area where lots of improvements are incorporated with the help of 
AI. With the emergence of Deep Learning (DL) techniques, consider- 
able progress is expected in chatbots [5]. Many researchers are focusing 
on creating chatbots and intelligent communication agents to incor- 
porate DL techniques, where the primary focus is given to the perfor- 
mance of these applications. The algorithm used in this kind of agent 
can be self-learning, which can fine-tune the performance each time for 
effective results. 


2.2.1 Conversational Agents 


Conversational agents are sub-categories that fall under dialogue systems, 
which are tools that are designed to interact with humans. We can also 
call conversational agents virtual agents or assistants. Intelligent conver- 
sational agents are present in most domains for various use cases. These 
agents are used to communicate and gather information for various needs 
according to the use case designed for them. The inception of conversa- 
tional agents eases the work of humans, where the computer systems are 
trained to function like humans to collect and gather required information 
for any use case. The widely used conversational agents can be grouped 
into various categories based on their nature. 
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Conversational agents 
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Text-based agents Embodied agents Voice-based virtual agents 
Graphically embodied agents Physically embodied agents 


FIGURE 2.1 Types of conversational agents. 


According to Figure 2.1, conversational agents help computers and 
humans communicate using various mediums, including text-based, 
voice-based, and embodied virtual agents. Embodied virtual agents are 
embedded into a system or hardware. Depending on how they are being 
embedded into some hardware components, they can be further classi- 
fied into graphically embodied agents and physically embodied agents. 
Conversational agents are classified based on their nature [1]. Intelligent 
agents can be classified further into different categories based on the pur- 
pose for which they are developed [6]. However, each communication 
agent is designed and developed for different use cases. Mainly they are 
being developed for particular task-oriented and general-purpose use 
cases [6, 7]. Technology development has placed conversational agents as 
an inevitable part of daily life. Intelligent conversational agents are present 
in the phones we use, the customer care numbers we call for support, and 
many other places we encounter with other intelligent agents. 


2.2.1.1 Text-Based Agents 

Text-based conversational agents are systems that communicate with the 
users based on textual interactions. The textual agents can be called chat- 
bots, where the user and the system chat or send messages to each other. The 
textual agents initially were created to collect basic information from the 
user that includes the name, email address, and other information depend- 
ing on the use case. These kinds of textual communicable agents are com- 
mon in the healthcare domain, where the bots are engaged to gather basic 
patient information and symptoms. Advanced and more intelligent versions 
of such agents are designed for patient suggestions and medications. 
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Text-based agents have the limitations of language. However, most are 
built on the English language because of ease of use and the spread and 
adoption of English as a global language. In most countries, English is 
considered a standard language; thus the systems are designed for the 
same language and they have been trained as well to handle the dialects of 
English. To achieve this adaptability, the support of NLP plays an impor- 
tant role. With the help of NLP, the agents can evaluate a statement, check 
for the data in the knowledge base, compute the decision based on the 
learned input, and send it to the user [8]. 


2.2.1.2 Voice-Based Agents 

Conversational agents that focus on communication with a voice are 
called voice-based conversational agents. These agents are used to capture 
the user’s sound, understand the information from the sound, analyze and 
perform actions accordingly, and deliver the response back to the user also 
in the form of voice. These agents are present in various use cases where 
the systems are designed to handle people’s spoken words. They can be 
embedded into smartphones for ease of use. Such a voice-based agent is 
designed to obtain data for various researchers [9]. A similar voice-based 
agent is applied to the classroom for improving classroom engagement and 
the learning experience [10]. Conversational agents, especially voice-based 
systems, are able to identify behavioral changes [11], the stress and ten- 
sion of regular users, which will help create medically intelligent bots that 
can assist those users. There is a wider range of applications and use cases 
for voice-based agents than for text-based agents. These systems are heav- 
ily dependent on the new web technologies and AI. This dependency will 
limit the functionality of these intelligent agents. The processing required 
for each individual user makes these systems a bit resource-intensive. 


2.2.1.3 Embodied Agents 

Embodied conversational agents are user agents with a graphical or tangible 
interface. The embodied agents are a combination of both text-based and 
voice-based agents with added features like a tangible interface and physi- 
cal existence. The main concerns for the design and development of embod- 
ied agents are how the system represents the agent and its interface, how the 
agent gives the required information to the world and users, and how the sys- 
tem internally represents the interactions [12]. The best example of embodied 
agents is robots that are having some resilience with real-world entities like 
humans, animals, etc. [13]. The main sub-categories are based on how the 
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systems have embedded the conversational agents; this includes the graphi- 
cally and physically embedded conversational agents. Embodied conversa- 
tional agents can handle gestures and expressions to communicate better 
with the users. They have wide use cases including treatments. Researchers 
have used such an embodied agent for communication with patients with 
autism using natural language and non-verbal communication [14]. 


2.2.2 Chatbots 


Chatbots are a type of conversational agent that is text-based. The main 
benefit of using text-based agents, or chatbots, is that the user agent han- 
dles the queries for the users much more effectively than a human agent. 
Figure 2.2 describes the different categories of chatbots based on how 
they are designed and developed. Rule-based chatbots are based on condi- 
tional statements set to the intelligence of the chatbots. This kind of chatbot 
can also be termed a “dump bot,” where it will work only according to the 
instructions fed into the cases. If any other details are coming to the bot's 
concern, it will not be able to give a satisfying result to the user. Intellectually 
independent chatbots are based on Machine Learning (ML). The bots are 
built on a neural network to think and learn from similar contexts. The bot 
will be able to select the most relevant result for the given query. Al-powered 
chatbots are the most intelligent bots that can solve the most user que- 
ries. However, all bots have a knowledge base. For the rule-based chatbots, 
results and questions are mostly pre-trained with the expected use cases 
and are then deployed. On the other hand, intellectually independent and 
Al-powered chatbots use the knowledge base to learn and train themselves. 


2.2.2.1 Rule-Based Chatbots 

Rule-based chatbots are commonly known as decision-tree bots or dia- 
logue systems [15]. These systems are based on rules defined in the knowl- 
edge base of the bots. The response of the bot is based on a series of defined 
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FIGURE 2.2 Types of chatbots. 
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rules. A lot of automated customer support bots are primarily based on 
rule-based bot architecture. The bots are designed and trained based on a 
set of rules. Once the bots are ready, they will provide the trained output to 
the customer based on the request. These bots are used to set up a system 
to convey certain messages and instructions or respond to enquiries [16]. 
There are many architectures for developing rule-based chatbots. Some of 
the prominent rule-based chatbot frameworks are Google Dialogflow and 
IBM Watson [17]. Rule-based chatbots are mostly text-based chatbots that 
normally communicate with the users via text messages and contents. The 
main drawback of this system is that the chatbots are not able to under- 
stand the emotions of the user. Rule-based chatbots can also be designed 
to be intelligent, with the help of constant learning and updating the rules 
and knowledge base frequently based on chat history. 


2.2.2.2 Intellectually Independent Chatbots 

Intellectually independent chatbots are based on ML and on the training 
of neural networks. Neural networks help the bots to think and learn from 
examples and histories. These bots are best suited for entertainment and 
science. They are self-learners who collect information from the related 
sources and train themselves to become better at serving the customers in 
a more efficient manner. The power of ML helps them learn about many 
attributes and provide a better solution for the problem at hand. The main 
challenge of this kind of independent bot is that it requires a person to 
monitor its findings and suggestions. 


2.2.2.3 Artificial Intelligence-Powered Chatbots 

Artificial Intelligence (AI)-powered chatbots are extended rule-based 
chatbots that have a mixed power of AI. These bots start with a pre-defined 
expected scenario that can be interrupted at any time when required. These 
bots use the help of Natural Language Processing (NLP) to understand the 
customer’s text. The main benefit of this kind of bot is that it will be able 
to provide instant and easy information to the users. The AI-powered bots 
can especially take care of various people with multiple speaking abilities. 
These systems use the help of AI and NLP for processing the user data; 
with the help of the knowledge base and AI, these bots can effectively com- 
municate with the users by understanding their emotions and circum- 
stances in a more efficient manner than other types of chatbots. The use of 
NLP to process the text of users is required to understand and generate a 
user-specific customized experience. 
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Designed to solve specific problem. Use Designed for single turn type architecture. Similar to support chatbots, best for 
deep learning and Natural Language Does not require much contextual conversations and answering FAQs. 
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Support chatbots Skills chatbots Assistant chatbots 
Chatbots 
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transactions. some information or product. 


FIGURE 2.3 Classification of chatbots based on the use case. 


Figure 2.3 further classifies intelligent bots into various categories 
based on the use cases employed. These categories help clients plan and 
use which type of chatbots will meet their needs. Chatbots need substan- 
tial adaption and maintenance to perform and serve the users better. 
The developers and maintainers of the chatbots need to carefully manage 
and evaluate the performance of the chatbots and constantly fine-tune 
their performance. There is a significant change in the perspective of 
users of chatbots in terms of interface design expectations and behavior 
[18]. Thus knowing and serving the user’s expectations is always a chal- 
lenging task. 


2.2.3 Conversational Agents vs. Chatbots 


There are a lot of similarities and differences between conversational vir- 
tual agents and chatbots. The mode of interaction and operation is the 
primary difference. Table 2.1 describes the differences in detail. 

Aside from the differences mentioned in Table 2.1, other factors deter- 
mine the most efficient tool based on which use case the systems are 
intended to. In most cases, conversational virtual assistants can meet a 
user's need, but they are expensive and require skilled personnel to man- 
age and update. Rule-based systems, on the other hand, can be created in a 
much easier way and can be deployed easily. The maintenance for the chat- 
bots can be done with the help of a simple interface where we can define 
and reframe rules. Both intelligent agents can communicate with humans 
and provide required information to them. 
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TABLE 2.1 


Comparison of Conversational Virtual Agents and Chatbots 


Conversational Virtual Agent 


Is used for developing human-computer 
interaction 

Converts human interaction into 
computer understanding from any form 
of input 

Easily understands emotions, gestures, 
and facial expressions 

Uses ML and NLP to understand the 
context and formulate responses 

Understands the user with NLP and AI 

Assists users with everyday tasks and 
engages in casual and fun conversations 

Embedded in mobile phones, laptops, 
smart speakers, and other interactive 
devices 

Accepts both textual inputs and 
voice-based commands 


Chatbot 


Communicates with computers through text 


Can handle only textual content 


Is not able to communicate based on emotions, 
gestures, or facial expressions 


Behaves based on pre-defined rules 


Is not able to understand user emotions 


Assists businesses and customers in their 
queries 

Embedded in websites, support portals, 
messaging channels, in-app chat widgets, and 
mobile applications 

Accepts only textual inputs 


2.2.4 Enhancing Customer Experience Using Chatbots 


Many companies invest in and prepare chatbots to improve their cus- 
tomers’ experience. These chatbots are virtual agents used for greeting 
customers initially and identifying their problems. Once the problem is 
identified, customers are directed to the right specialist. This helps com- 
panies to serve their customers in a more efficient manner. Besides these 
simple use cases, chatbots can be trained and customized for handling the 
following activities to support humans: 


1. Lifestyle and nutritional guidance 


2. Daily health checks 


3. Finding a doctor 


. Follow-ups and remainders 


NN DB Ww A 


. Complaints and support 


8. Food and item ordering 


. Medication reminder and tracking 


. Booking appointments and tickets 
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The main tasks that chatbots perform to enhance the customer’s experi- 
ence are as follows: 


1. 24/7 availability 

2. Seamless live chat 

3. Answers for endless queries 

4. Smooth interaction 

5. Collection of the appropriate information 
6. Automatic updates regarding queries 

7. No bias against any language or culture 


8. Priority to customers 


Chatbots are a company’s initial point of contact for almost all cus- 
tomer care. They gather information from customers before being directed 
to a human agent who can answer their queries quickly. They are essential 
assistants in new-age businesses used to serve the customers in an efficient 
manner. Customers may be apprehensive when using chatbots to assist 
them with a tough task. Different users have different problems, and being 
able to understand these problems and act accordingly is very hard for 
artificial bots. To enhance the user’s experience and satisfaction, and ulti- 
mately their acceptance, intelligent bots should be trained with particular 
use cases and then deployed. But there exists a gap between real-life prob- 
lems and simulated problems for training the bots. 

In the case of personal assistants, user acceptance is pretty easy to 
achieve. Training them to the tasks is also easy, as the interaction with 
these agents is different. Personal assistants and similar intelligent agents 
are used to assist the users to remember things, personalize the technolo- 
gies around them, and so on. These bots can effectively adapt to the user 
based on understanding the user’s behavior. Thus the performance and 
acceptance of the intelligent bots will be efficient. 


2.3 DEVELOPMENT OF CHATBOTS 


Businesses and services across the globe are preparing to make their digi- 
tal systems as friendly as possible to visitors. Digital systems such as web- 
sites, social media, or even applications may have to present a lot of content 
based on these systems’ needs. 
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These digital systems are constantly improving through User Experience 
Design (UX Design). Multiple ways are introduced to present and access 
information stored in their servers. This can include simple ways, such as 
direct presentation of information in text (FAQs, etc.), or more complex 
methods such as conversational agents and chatbots. Irrespective of their 
presentation mode, the ultimate goal is to have a system that assists cus- 
tomers or visitors as much as possible. 

Developing websites is relatively more straightforward, as it simply 
retrieves the corresponding content from the servers and presents it on the 
frontend system. However, when an intermediate agent like a search box, 
conversational agent, or chatbot is involved, it also needs to process the 
query coming in from the user’s side. The fact that chatbots can interact 
with users in multiple ways with textual or speech skills makes the devel- 
opment more complex. 

Different architectures are followed in the development of chatbots and 
conversational agents [19] and [6]. The major design frameworks are listed 
below: 


1. Pattern Matching 

2. Markov Chain Model 

3. Artificial Intelligence and Machine Learning 
4. Natural Language Processing 


5. Database/Knowledge base 


6. Web Ontology language with the help of NLP and Artificial 
Intelligence Mark-up Language 


7. Natural Language Interaction 
8. Advanced Pattern Matching and AIML 
9. Artificial Neural Network Models 
a. Recurrent Neural Network 
b. Sequence to Sequence Neural Model 
c. Long Short-Term Memory Network 


10. Chat Script 
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In all the above-mentioned frameworks, it is evident that data parsing 
and pre-processing are applied to the input text to generate the output by 
the chatbot system. This will make use of a custom-designed database and/ 
or knowledge base. 


2.3.1 Design Process of Chatbots 


When designing a conversational agent or chatbot, the designer conducts 
a requirement analysis to validate the design process. Some of the analysis 
questions include: 


+ What is the requirement of the chatbot (from both the business and 
customer perspective)? 


+ How is the chatbot going to be used? 


e How much will data have to deal with processing the queries and 
replying accordingly? 


Answering these questions will validate the design process of: 


1. Determining the purpose of the conversational agent/chatbot 


2. Choosing between a rule-based conversation agent and an NLP 
platform 


3. Making the chatbot data-driven and training the system 
4. Designing the conversation flow 


5. Selecting a suitable deployment platform 


Following the above process will determine whether a system should 
have a guided conversational agent or an NLP-based interactive chatbot. 
As mentioned in the earlier sections, the development of an NLP-based 
interactive chatbot is the hardest, as it will have to simulate a human-like 
interaction whether it be through a textual mode or a voice-based dialogue. 

Humans communicate with each other by passing information through 
dialogue and conversation. When two people who know the same language 
speak with one another, the process of understanding and responding to 
each other will have a well-known structure, as depicted in Figure 2.4. A 
well-designed chatbot will have to follow the same process in order for 
effective communication to happen. Humans are able to do this process 
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FIGURE 2.4 Process of understanding and responding. 


without much effort because of the intelligence they possess. Therefore, 
to make machines communicate effectively, the concept of AI comes into 
the picture. AI has several subsets designated for specific purposes: Data 
Classification and Predictions, Optimizations, Big Data Processing, Image 
Processing, Natural Language Processing, etc. 

Natural Language Processing (NLP) focuses on the problems that 
are extended from the process of Understanding and Wording the 
Response. The same is discussed in detail in the upcoming sub-sections. 
Conversational agents usually provide objective options for users to select 
from. This will involve specific paths to solutions and pre-defined ques- 
tion-answer sets that the users can make use of. However, these may not 
be able to process any problems that are out of their scope. Usually, the 
solution to this scenario will be to transfer the chat to a customer agent (a 
human) for further management of the queries. Therefore, conversational 
agents cannot be used as a replacement for human-led interactions. The 
key terms in the above process, i.e., Listening, Understanding, Thinking, 
Wording the Response, and Responding, become trivial because of the fixed 
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arrangements for each solution path. While designing a chatbot, one shall 
comment on the approaches to solving each step in the above process. 
Since chatbots are likely to be used as a replacement for human agents, 
they will have to mimic all the steps involved in the process of understand- 
ing and responding. Thus, the process followed by humans in their con- 
versations and data exchange is mimicked during the training process of 
chatbots. In other words, the training process of chatbots will ensure that 
the steps of Listening, Understanding, Thinking, Wording the Response, 
and Responding are well considered. 


2.3.1.1 Listening 

While communication happens, listening is the step of giving attention to 
what the other person tries to convey. Thinking from a chatbot or a con- 
versational agent's point of view, the listening process points to the meth- 
ods one follows to get the queries or requests from the other side, that is 
the user. The users generally interact with the chatbot system through a 
user interface or through voice-based commands. For instance, “Hey, Siri, 
tell me today's weather,” could be taken as a voice request or a text message 
request. 

This message will have to be transferred from the frontend side of the 
system to the backend side for processing and response. Sometimes, the 
customer support interface sends these as requests to RESTful APIs [20], 
such as Azure or AWS web services. It is a pure architectural or engineer- 
ing problem, as it deals with sending data through multiple points of the 
network ensuring security until it reaches the specified endpoint. The 
input will have to be pre-processed and tokenized further for understand- 
ing purposes. 


2.3.1.2 Understanding 

Once the chatbot listens or receives the input from the user, the 
next process is to understand what it means. NLP enables machines 
to understand the input voice or text data [21]. Various technologies 
including linguistic-related computations, ML, or DL are used for 
having effective methods that can help understand even ambiguous 
statements. This “understanding” process could be further divided 
into steps of sentence segmentation, tokenization, stopword removal, 
adjustment related to punctuations, stemming, lemmatization, and so 
on [22]. These not only help in understanding the meaning but also in 
sentiment analysis of the sentence. 
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The idea of the “understanding” process is to read between the lines 
and capture what actually could have been meant by the user. That is, 
while understanding the exact sentence as read by the user, it will have 
to retrieve the information keeping both the context and facts that are 
shared. From the computer’s point of view, to understand something com- 
pletely, it also will have to “think” by taking the information or data that 
it is already familiar with. In short, the understanding process is what 
enables the systems to take the requested query from the user and make it 
ready for context-based and fact-based retrieval from the datasets by fol- 
lowing a pre-defined method (rule-induced decisions, relating with past 
queries, DL methods, etc.). 


2.3.1.3 Thinking 

Once the system understands the query or question by performing con- 
textual and factual analysis, it has to generate a response after a series of 
“thinking”-like processes. Some of the processes include taking the queries 
and finding useful information in the servers. That is, if the user is asking, 
“Give the weather status around me,” it understands that the user requires 
information about the weather. An additional constraint to this require- 
ment is getting the location. As the user has specified the term “around 
me,” a series of communication happens at the server side. For instance, it 
will have to collect the location (latitude and longitude) of the device, fol- 
lowed by collecting the weather information at the same location. 

This is possible because of how the system perceived the query. If any 
types of ambiguities are present in the query, for instance, “sum the num- 
bers two three four and five,” it will have to think whether the user asked 
for 234 + 5 or 2 + 3 + 4 + 5. Sometimes by using context retrieval, the 
thinking process can give better accuracy. Irrespective of the processes 
and the methodologies used, the system will have to come up with the 
result for the user. An important aspect here is the approach in which the 
chatbot engine solves the problem, whether it be a retrieval model that 
takes responses and gives them back as present in the system, or a genera- 
tive model which actually parses meaningful sentences out of the informa- 
tion available in the servers. 


2.3.1.4 Wording the Response 

The result of the “thinking” process is the result that can be passed to 
the user at the frontend. Rather than presenting the answers directly, 
a better way is to present them in a neater sentence form. For example, 
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when “2 + 3” is given as the question, rather than just replying “5”, reply- 
ing “the answer is 5” or “the sum of numbers is 5” would give a better 
presentation. This wording again depends on the training processes that 
have been done on the chatbot specifically focusing on natural language 
generation. 

This again is a result of a rigorous training process executed at the 
“brain” level of the chatbot. Usually, templates are made for responding in 
case of very specific chatbots; however, it becomes difficult as the chatbots 
may have to respond to general-purpose queries as personal assistants do. 
The choice of the right words along with an accurate result would give a 
feeling that the responses of chatbots are effective. 


2.3.1.5 Responding 

Once the response is ready to be sent from the chatbot’s brain side, it 
becomes a pure engineering problem of presenting to the user. In the case 
of a text-based chatbot, the user interface can be modified with the addi- 
tional content that is received from the server (as a message bubble or as a 
notification, etc.). In case the chatbot is voice-based, an additional text-to- 
speech step also would come at the user interface’s side. 

The response from the server’s side will have to contain the “worded 
response” generated from the chatbot engine’s side. The same will have to 
be given as a JSON-based response in the case of RESTful APIs. Hence, 
at receiving a request from the user’s side, the chatbot engine processes 
it, generates a suitable response, and presents it back to the user using the 
interfaces followed. 


2.3.2 Role of Natural Language Processing 


Natural Language Processing (NLP) is the core component of conversa- 
tional agents. NLP has a wide variety of applications and implementations 
for creating conversational agents. The traditional steps of an NLP system 
are applicable in the generation of conversational agents as well. A detailed 
view is given below of various steps and processes in an NLP pipeline that 
is used for tracking the conversational data. 

Figure 2.5 represents the role of NLP in a conversational system, where 
the computer system tries to capture and understand the speech of a user. 
The speech is captured with the help of an input source. It is pre-processed 
and passed into an NLP pipeline, with the help of dialogue management, 
and the support of a knowledge base, the appropriate results for the user 
are generated and provided in the form of an audio. 
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FIGURE 2.5 Role of NLP in conversational systems. 


Understanding the user query is required for providing a proper 
response to the users. The data context is learned with the help of Al and 
ML techniques with the help of NLP in most of the advanced conversa- 
tional agents. Conversational agents are created for various use cases some 
of which use NLP as their backbone including Learning and E-learning 
applications [23] and Healthcare applications [24]. There are a lot of ML 
applications and algorithms that work in the domain of NLP for effective 
speech recognition and processing. The popular ML techniques that are 
used for NLP include the following; 


1. Neural Networks/Deep Learning 

2. Support Vector Machines 

3. Maximum Entropy 

4. Bayesian Networks 

5. Conditional Random Field 

The major steps and segments that are part of NLP and contribute sig- 
nificantly to conversational agent creation include the following: 

1. Natural Language Understanding (NLU) 


2. Natural Language Generation (NLG) 
3. Natural Language Inference (NLI) 
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2.3.2.1 Natural Language Understanding 
Natural Language Understanding (NLU) comes under NLP, which is 
aimed at understanding human communication by machines. The NLU 
process helps the conversation agents to be precise with the user and 
generates results specific for the user, with the help of understanding the 
conversations. With NLU we can focus on learning and understanding 
the emotion, tone, description, and language from the users’ speech data. 
With the help of the above factors, the conversational agent will be able to 
gather a basic understanding of the conversation. Apart from these com- 
mon aspects, with the help of NLU, when parsing the same conversation 
(e.g., in e-commerce), we will be able to gather the following details from 
communication including organization, product, and context of the user. 
The use of NLU helps the conversational agents focus on gathering the 
required information from the conversations. The NLU, when seen alone, 
performs the following tasks: relation extraction, paraphrasing/summariza- 
tion, semantic parsing, sentiment analysis, and dialogue agents. These steps 
are processed and embedded into various phases of the development of a 
conversational agent for the understanding of the input from the systems. 


2.3.2.2 Natural Language Generation 

Natural Language Generation (NLG) is the AI technique used to generate 
written or spoken narratives from the data. The output that the conversa- 
tional agent requires to send back to the user is passed into the NLG process 
to convert and generate appropriate text to the natural language. The NLG 
algorithms analyse the content and understand the data. After understand- 
ing the data, it is then structured, and sentence generation takes place. Once 
this process is completed, the grammatical structuring of the content will 
take place. Then the generated content will be delivered to the user. This pro- 
cess will remain the same for all the use cases of the NLG. Intelligent bots, 
to communicate with the users, require the support of the NLG process 
with the NLP to create statements for communication with the users. Lots 
of ML techniques are applied for the process of NLG [25]. NLG also helps in 
humanizing the experience with conversational agents [26]. Generation of 
NLG systems requires the expertise of language [27]. This helps in effective 
generation of proper content to communicate with the users. 


2.3.2.3 Natural Language Inference 
Natural Language Inference (NLI) is determining whether a hypoth- 
esis is True, False, or Undetermined; in other words, if the hypothesis 


Conversational Agents and Chatbots m 35 


can be inferred from a natural language “premise.” If the hypothesis is 
True, it is called Entailment; if it is false, it is called Contradiction; and 
if it is Undetermined, it is called Neutral [28]. Now, understanding if the 
hypothesis has an entailment or contradiction, given a premise, is vital to 
understanding natural language, and inference about entailment and con- 
tradiction is a useful proving ground for semantic representation develop- 
ment. However, the absence of large-scale resources has severely hindered 
ML research in this domain [29]. 


2.3.2.4 Retrieval-Based and Generative-Based Chatbots 

Different types of chatbots are designed every day based on standard 
datasets. Two major types that depend on the approach to wording the 
response are: retrieval-based chatbots and generative-based chatbots. 
Chatbots can converse with humans in natural language by either gener- 
ating the responses or retrieving them from a set of candidate responses 
[30]. A comparison between these two approaches is given in Table 2.2. 


TABLE 2.2 Retrieval-Based vs. Generative-Based Approaches 


Retrieval-Based Dialogue Systems Generative-Based Dialogue Systems 

e Matching model e Generative probabilistic model 

+ Context is encoded, and semantic e Phrase-based statistical machine 
matching is performed translation 

e No explicit modelling of dialogue acts, e Systems training is harder due to 
user intent, profile, etc. [30]. Different more plausible responses and no 
types include: single-turn matching alignment of request-response 
systems (response replies to the whole phrases [37] 
context) and multi-turn matching models + Depends on a sequence-to-sequence 
(response replies to each utterance of model, where the context is stored 
context) into a summary vector 

e Difference between these two models isin e Neural conversational generative 
how encoders are distributed for each models have a kind of heuristics to 
utterance. In single-turn matching models, make the responses based on both 
only one candidate response is taken; and context and input facts [38] 
in multi-turn matching models, for each + Similar to how NLP does translation 
utterance a candidate response is taken between languages 

e Single-turn matching systems include: e Instead of translating between 
Dual Encoders having LSTM [31], languages, it translates from inputs to 
BiLSTM [32], Enhanced Sequential outputs 
Inference Model [33], etc. + Some models that are implemented 

e Multi-turn matching systems include: include: Task-Oriented Spoken 
Sequential Matching Network [34], Deep Dialogue Systems [39], Reinforcement 


Attention Matching Network [34, 35], Deep Learning Methods [39], Encoder- 
Utterance Aggregation system [36], etc. Decoder Models [40], etc. 
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FIGURE 2.6 Architecture of a generic voice-based chatbot. 


2.3.3 Case of a Voice-Based Chatbot 

Considering the concepts discussed in the previous sub-sections, let us take a 

case of a voice-based chatbot that works for a certain application (Figure 2.6). 
The use case of the above case is as follows: 


1. The user tells something to the Chatbot System 


2. The Chatbot System speaks out the response 


Even though the use case looks very simple, it is a combined challenge 
of architecture, engineering, as well as NLP. 

It is interesting to note the discussions happening in development com- 
munities. A detailed study [57] shows the boom in the field of ChatBot 
Development and how the queries are distributed in StackOverflow. Most 
of the queries were regarding: 


e Chatbot creation and deployment 


Integration in websites and messengers 


Understanding behaviors of NLUs 
+ Implementation Technologies 


+ Development frameworks 


Figure 2.7 shows the study’s results regarding a chatbot topic’s popular- 
ity vs. difficulty. 

It is important to mention the various concepts in Figure 2.7, especially 
common questions raised by developers about engineering challenges related 
to development, such as integration of a chatbot with messengers or web- 
sites, implementation technologies, frameworks, Application Programming 
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FIGURE 2.7 Chatbot topic’s popularity vs. difficulty (Source: Challenges in chat- 
bot development: A study of stack overflow posts [57]). 


Interface (API) calls, and User Interface (UI) integration; whereas others are 
related to training of the model such as NLP processing, intents and entities, 
simulation of conversation, etc. All these points revolve around the develop- 
ment of two key parts: face (UI) and brain (trained models). Some of these 
terms, not discussed yet in this chapter, are briefly discussed here. 


e API Calls: Application Programming Interface (API) is a software 
intermediary which can act as a bridge between two applications. 
For instance, a chatbot will have to pass the questions from the user 
through the user interface to the server’s side using some means. 
This exchange happens in a request-response model, and the inter- 
action mechanism is generally known as API calls. While making a 
standalone application based on customer requirements, these API 
calls have to be made to the server of that corresponding system. 
Nonetheless, developers also have a tendency to use pre-made (and 
easily trainable) Chatbot APIs based on a pay-per-usage basis. This 
will reduce the effort of the developers as we are taking the capac- 
ity of a bigger system and tuning it to the requirements of a custom 
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system [58]. These pre-implemented functionalities could be admin- 
istered to the customer needs through various microservices devel- 
oped at the application’s server side. 


+ Implementation Technologies: We have seen that Artificial Intelligence, 
Natural Language Processing, Machine Learning and Deep Learning 
are the underlying technologies for a conversational chatbot. Based on 
the requirements and needs of the system, one of the models as men- 
tioned in previous subsection will be taken for development. These are 
implemented through programming languages such as Python or Go, 
and they will go through a rigorous training and testing process. 


+ Development Framework: A framework is a platform where one could 
build applications on their own, using the pre-defined settings and 
references the providers have made. Any frameworks would reduce 
the development time, effort, and cost as developers would be able 
to reuse the common structures which otherwise had to be written 
from scratch. These reliable functional models would not only speed 
up the process, but also ensure quality through their set rules. Some of 
the development frameworks related to Chatbot development are dis- 
cussed in the subsequent subsection. Some of the frameworks would 
provide only backend technologies, whereas others would provide a 
combination of both backend and frontend technologies. 


e User Interface: If trained models are referring to the “brain” of a 
system, then the User Interface becomes the “face” of the system. 
Normal users are not worried about the processes and transactions 
happening in the background. These users (or customers) would 
want the best experience possible, having ease of access, and good- 
looking and easy-to-use interfaces with minimal errors. The defini- 
tion of interfaces would define how a chatbot is presented. However 
powerful and accurate the responses are, if the interface is not able 
to present the progress really well, then there is a chance that the 
customers may not like the product at all. 


+ Trained Process and Trained Models: We discussed that, currently, 
intent-based (or utterance-based) chatbots are the most widely used 
type of chatbots. Table 2.3 discusses intents and utterances; however, 
how these are trained is not discussed yet. Chatbots follow a super- 
vised model of training, meaning that the input possibilities will be 
mapped with outputs through an iterative process. One requirement 
is to have a distinct set of intents to confuse the learner less. Weight 
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adjustments happen throughout the training process like any other 
ML training model. The representative inputs (that is, different varia- 
tions of all possible user intents) are fed into the chatbot model, and 
it is trained until a satisfactory convergence. Advances in the field 
of NLP (for instance, introduction of the BERT model [59]) have 
improved this training process of models to exhibit further accuracy. 


TABLE 2.3 Terminologies and Challenges of the Generic High-Level Overview 
of a Voice-Based Chatbot 


Challenge/Term Description 


Engineering 
Challenges 


Automatic 
Speech 
Recognition 
(ASR) 


Chatbots work in a client-server model. Clients, being the users’ 
devices, have to send a request and the server returns the apt 
response after a series of processes at its side. Engineering 
challenges denote how the front-end system makes a call, how 
the database takes a request and gives a result back, how user 
experience is enhanced, etc. Managing AI models, connecting 
User Interface, managing RESTful API, provisioning 
microservices, etc. are some common challenges [41]. 


ASR helps humans use their voices to speak with a computer 
interface. The speech content is identified and then processed. 
Understanding speech and converting it to machine- 
understandable language is challenging and requires 
sophisticated speech modelling and understanding of language 
variations [42]. ASR is of a similar nature to pattern 
recognition, where the algorithm mines patterns from the 
speech [43]. ASR plays a significant role in speech-based 
chatbots and conversational agent development. 


Text-to-Speech Text-to-speech is important in converting text to sound/voice. 


The computer system uses this technique to speak to users, 
especially in voice-based conversational agents. The text 
required to be sent to the user is processed and organized in the 
system; once this is ready with the help of text-to-speech, the 
system can read out the required details to the user. The 
text-to-speech modules have a similar resemblance to humans 
with variations in pitch and sound [44, 45]. Such adaptive 
text-to-speech systems are used with the speech-based NLP 
models to create personalized conversational agents, but the 
integration of these technologies is still a challenging task. 


Reformulation The reformulation engine is used to process and user query to an 


Engine 


NLP system to extract the exact information from the user input 
[46]. Once the required data is captured, the algorithms search 
for results from the current models and databases; once the data 
is not captured from the data sources, the user input query will 
undergo a reformulation to extract the new query to be searched. 
This helps optimization and also supports data management [47]. 
The reformulation engine is used in query processing and 
management for extracting required data from the input and for 
serving users by rebuilding the application database. 

(Continued) 
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TABLE 2.3 (Continued) Terminologies and Challenges of the Generic High-Level 
Overview of a Voice-Based Chatbot 


Challenge/Term Description 


Utterance Utterance is anything that the user says to the system. User voice 
inputs are considered utterances. Some examples include: “Can 
I have a coffee?”, “How is the weather in Mumbai?” and “Can I 
travel to Delhi?” Some chatbots and interactive agents are 
designed to communicate with the users with a similar form of 
utterance. Some of the frameworks that support communication 
to the users with the utterance sentences are discussed in [48, 
49, 50]. This helps the conversational agents to map to the user, 
easily associate with them, and meet their expectations. 


Intent Intent refers to what is behind each message that the chatbots 
receive. It depends on the user and the intent they 
communicate to the system. The intent is a critical factor that 
the chatbot and the conversational agent need to identify to 
process the message, and to give the proper response to the 
users, mapping to the context. Intelligent bots and agents 
make use of the intent to understand and replay to the users. 
ML algorithms are applied to identify the intent of 
communication; some of the algorithm implementations show 
that intent can be identified from the data sources effectively 
by ML algorithms [51, 52, 53]. 

Dialogue The dialogue manager is an inevitable component in the 

Manager spoken dialogue system, especially in conversational agents 
that communicate with the users using voice. The dialogue 
manager has two main responsibilities: modelling and control 
over the dialogue flow of the system [54]. Dialogue managers 
help the conversational agents to keep track of the 
conversation and plan and organize the knowledge base for 
better performance and results [55]. Dialogue managers have 
a significant role in spoken language generation setting 
up and managing the context of the communication, 
removing ambiguity, and maintaining the flow of the 
communication [55, 56]. 


The above-mentioned case extends its scope into various learning/train- 
ing methodologies. A common misconception about chatbots is that they 
have to pass the Turing Test. However, there are no scientific requirements 
for a machine to pass the Turing Test [60] to be able to “think” like humans. 
On the other hand, passing the Turing Test does not mean that they also 
possess human-like intelligence. Chatbots, like any bots, are capable of exe- 
cuting things that they are trained and meant to. The history of chatbots 
or conversational agents, starting from ELIZA to ALICE to Siri, Cortana, 
Google Assistant, and Alexa, all had specific training methods catering to 
the power and requirements at their corresponding times. Having various 
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training methods from rule inductions or assumptions and attributions to 
the current scenario where data is aggressively involved in training, pro- 
cesses have evolved pointing to faster, efficient, and more accurate bots. 

Recent advances [61] involve zealous methods of training because of the 
improvement in computational efficiency and advancements in DL-based 
models. The current state-of-the-art technologies is definitely pointing 
toward such DL methods. Furthermore, products are termed “personal 
assistants” (Alexa, Siri, Cortana, Google Assistant, etc.) because of the 
power that the DL algorithms could transfer to them. 


2.3.4 Common APIs and Frameworks for Development 


Researchers are developing various chatbots for different use cases. 
Some specific chatbots designed are good at what they have been devel- 
oped to do. CARO - an empathetic health conversational chatbot - is 
an intelligent conversational agent designed to assist people who suffer 
from major depression [62]. It is important to note the various frame- 
works and application programming interfaces that are currently used 
by developers. 

In addition to various methods for customized model training, as 
mentioned in the previous sub-section, there are companies that use 
pre-trained frameworks for reduced development time. These come in a 
combination of both frontend (chatbot UI) and backend (chatbot engine) 
models, or only the chatbot engine model. 

These chatbot APIs are open to developers in free as well as paid access. 
While some services require their platform to be used for automatic 
replies, etc. (e.g., Facebook or Slack Bot APIs), other providers give their 
computation powers as a service (e.g., Amazon Lex) for training bots and 
implementing their models [63]. 

Some of these frameworks include: 


+ Facebook Messenger API: Facebook Messenger API provides a free 
platform for developing chatbots for automated-reply services on the 
Messenger Application. Generally, these are used for creating appli- 
cations which can answer customer queries, generate posts, send 
messages, etc. [64]. 


e Slack Bot API: Slack, being one of the leading team-management 
platforms, has its own bot for answering queries from various 
users. The power of the pre-trained models in their default chatbot 
is automatically used for training various companies’ bot services. 
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Various features, including program executions and file-based com- 
munications, are possible using the Slack Bot APIs, and they may 
respond with program outputs, images, videos, files, etc. based on 
contexts and requests [65]. 


+ Dialogflow: Unlike the above two APIs, Dialogflow from Google is 
a platform for the management of queries from external platforms. 
That is, if one is having a standalone application or a website and 
wishes to incorporate the power of Google through chatbots, the 
Dialogflow platform can be used. The response can be in text or 
speech mode. Users are able to interact more through the virtual 
agent services (CX and ES) provided by the development API [66]. 


+ Amazon Lex: Similar to Google Dialogflow, Amazon Lex is an 
Amazon Web Service (AWS) provided for building conversational 
agents and chatbots according to specific business requirements. 
By specifying the basic conversational flow in the AWS Lex con- 
sole, one is able to create bots which can provide dynamic responses 
in a conversation. It uses AWS-powered DL for Automatic Speech 
Recognition (ASR) and Spoken Language Understanding (SLU) 
problems present in the system [67]. 


e Microsoft (MS) Bot Framework: MS Bot Framework is used for 
dependable and enterprise-grade conversational AI experiences like 
Google Dialogflow or Amazon Lex. It uses the services powered by 
Azure Cognitive Services, enabling developers to connect their bots 
for virtual-assistant and customer-care operations. In addition to 
ASR, SLU, and QnA capacity, it also provides vision-based solutions 
based on the data sources through multiple channels [68]. 


+ Apache OpenNLP: Apache OpenNLP is a library for processing raw 
text which can be useful for the preparation of custom bots. It sup- 
ports sentence segmentation, part-of-speech tagging, tokenization, 
entity extraction, and so on. Unlike the above-mentioned frame- 
works, OpenNLP is a JAVA Programming Language-based library 
that can only help in the manual creation of chatbots [69]. 


In addition to the ones mentioned above, there are numerous paid and 
open services and platforms like ChatBot API [70], PandoraBots [71], Wit 
AI [72], Bot Libre [73], etc. Irrespective of the solution paths that one is 
following, customers expect informative chatbots that will guide them to 


Conversational Agents and Chatbots m 43 


come up with solutions for given queries. The power of and advancement 
in technology are improving research related to chatbots, particularly 
related to ASR, SLU, Conversational AI, Personal Assistants, etc. Following 
ethical principles, businesses and services would be able to come up with 
NLP-based solutions that can interact with customers and employees for 
suggestions and friendly advice as well. Imagine if an employee asks the 
bot, “How many leaves do I have?”, and the bot replies to the query cor- 
rectly. Such a system would require the retrieval of data from multiple 
sources (including confidential databases), good training methods, and 
powerful backend systems. 


2.4 OTHER NOTES 


Conversational agents are used in multiple sources to create communica- 
tion between humans and computers. There are a lot of benefits and chal- 
lenges to their usage. The use of intelligent systems is prominent in various 
use cases and application domains. These systems are heavily dependent 
on AI. The impact of such systems on human lives is beyond words. In 
this section, we discuss the advantages, challenges, and future scope of 
conversational agents. 


2.4.1 Advantages 


Use of chatbots and conversational agents is common in many areas. 
Chatbots are used to support humans in various ways. The use of intel- 
ligent agents for communication with users to collect information has sig- 
nificant advantages, some of which are discussed below. 


2.4.1.1 Accuracy 

Conversational AI systems, including chatbots, exhibit high accuracy in 
their assigned tasks. The systems can work more accurately than humans. 
Similar repeated jobs can be automated with the help of AI technologies. 
The use of chatbots to converse with the users to collect the relevant infor- 
mation for specific use cases can be effectively implemented with the help 
of this modern technology. The agents trained with the data can effectively 
convey the information to the end user without critical factors. 


2.4.1.2 Efficiency 

Conversational agents can effectively communicate with humans and pass 
the information. Users of chatbots sometimes try to divert a conversation, 
whether the agent is a human or an intelligent agent. However, a small gap 
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exists between human and machine agents. Machine agents can effectively 
communicate with the end user without being affected by emotions. These 
agents work based on commands sent by humans on how to act in various 
situations. 


2.4.1.3 Customer Experience 

Customer experience of chatbot and other intelligent agent users is another 
important factor to consider while planning for automation. Intelligent 
agents sometimes fail to understand the customer's actual problem. They 
are programmed bots that sometimes are not able to find the best solu- 
tion. However, the use of intelligent agents in various other use cases has a 
significant impact on the customer’s perception of products and services. 


2.4.1.4 Operating Costs 

Operating costs of employing intelligent agents are cheaper than those 
for humans. They require no maintenance as far as regular operations are 
concerned. Also, humans cannot reach the precision and accuracy of con- 
versational bots. 


2.4.2 Challenges 

The use of intelligent systems is challenging. The main challenge is data 
security in addition to the choice of appropriate NLP and ML techniques, 
understanding emotions, and conversations in native languages. These 
issues are described in detail below. 


2.4.2.1 Data Security 

Data captured by conversational agents is mostly transmitted over the 
internet to different locations and servers, so there exists a severe risk of 
data breach and security threat. Since this data is user-specific, the chance 
of it getting damaged is huge. Chatbot architectures must handle security, 
and appropriate encryption and security measures must be followed while 
designing applications. 


2.4.2.2 Choice of Appropriate NLP and ML Techniques 

The choice of appropriate NLP and ML algorithms depends on the effi- 
ciency of the conversational agents. The model required for developing 
the intelligence for the agents must be properly tested and their perfor- 
mance validated. For some use cases, generative models work effectively, 
while in other use cases retrieval-based models work effectively. Thus, 
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models must be identified and properly handled in the agents’ develop- 
ment. Inappropriate models will result in the malfunction of the system. 


2.4.2.3 Understanding Emotions 

Intelligent agents, based on AI and ML with the help of NLP, are trained to 
recognize users’ emotions, but in most cases due to lack of training data, 
the emotion captured by the systems will not be the actual emotion of the 
user. Emotional understanding of the problem by the intelligent agent is 
a challenging task to process. This issue has led to the limited use of chat- 
bots in many applications and cases, especially in the medical and clinical 
domains. Recent advancements in the field of ML, however, may lead to 
better understanding and optimization of the intelligent agent’s perfor- 
mance and results. 


2.4.2.4 Conversations in Native Languages 

Native language conversing is another challenging task for conversational 
agents. A lot of chatbots concentrate on English, which is widely accepted 
as a global language. Very few chatbots and conversational agents con- 
centrate on multilingualism. Thus, conversation in regional languages is a 
major challenge for chatbots and intelligent agents. Another major hurdle 
is the unavailability of the proper dataset to train the intelligent agents for 
multiple languages. 


2.4.3 Future Scope 


The development of intelligent conversational agents for communication 
with humans requires a lot of research and development. The systems 
designed to assist humans in these activities require much training and 
monitoring. The systems should be validated and should not harm any 
humans. A lot of researchers are working on different architectures for 
intelligent agents. The emergence of cloud computing helped in design- 
ing more intelligent and efficient systems. Most intelligent agents cur- 
rently designed and developed depend on cloud-based services. Due to the 
cloud-based services and their dependency on them, the chatbots, com- 
munication agents, and personal assistant systems can deliver the required 
information to the users in milliseconds. The computations and data orga- 
nizations for the same are optimized to minimize the time and maximize 
the performance of the systems. 

Recently, serverless architectures have gained popularity and momen- 
tum in the information technology domain. Researchers are experimenting 
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with creating chatbots with serverless computing. The serverless model 
used for chatbots helps extensively improve the chatbot’s performance, 
especially for location-based content like weather reports, jokes, dates, 
reminders, and music [74]. There is a lot of scope for development and 
improvements in the intelligent agents currently used in various use cases. 
The future scope of research is to identify and forecast user queries and be 
prepared for such queries to deliver even faster results, for these intelligent 
architectures that are dependent on artificial intelligence, and neural net- 
works are required. 

Data security and privacy is another key concern to be addressed 
and handled while designing conversational bots. The data captured by 
the user agents if misused will be a huge threat to the person and soci- 
ety. These agents and assistants are with the user 24/7, so it is very dif- 
ficult to keep secrets away from these systems. It should be kept in mind 
that attackers can easily bypass existing security measures and capture 
the information while designing the conversational agents. Data storage, 
retrieval, and management have to be optimized and organized in such a 
way that attackers cannot have access to people’s personal data. The user 
agents should be tested and should use data privacy and security measures 
while handling the user data. 

Aland DL concepts help the intelligent agents learn and understand the 
user queries and generate relevant results. The dependence on the knowl- 
edge base limits the agents with the designed and developed conditions. 
This can be improved by adding thinking intelligence to these systems. 
The intelligence of these agents completely depends on the data they are 
being trained in and the conditions they have addressed in the past. Lots 
of research and data are required for creating efficient bots and conver- 
sational agents. The knowledge base of the bots should also be improved 
with the support of various use cases. 


2.5 CONCLUSION 


Recent trends in chatbot design and development demonstrate the extensive 
use of NLP, AI, and ML for creating efficient conversational agents. There is 
wide use of chatbots and conversational agents as a medium of communica- 
tion and engagement in various domains. Businesses have benefited from 
the use of chatbots for serving their customers in a more efficient way. The 
customer’s problems are identified with the help of chatbots, and the corre- 
sponding best solutions are suggested by the intelligent agents. Humans are 
now much more comfortable interacting with communication agents than 
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with other humans. It is evident that chatbots are used to collect information 
from patients in the healthcare domain. This shows humans’ wide accep- 
tance of chatbots and conversational agents. 

Conversational agents are not effective, however, at understand- 
ing human emotions and physiological problems. But there are systems 
designed to handle such situations and assist and guide humans. Different 
architectures, such as AI and NLP, help develop chatbots that are more 
flexible and that better understand and communicate with humans. 

The use of such complex communication agents integrating AI, ML, and 
NLP techniques is gaining popularity, as they can provide user-specific 
and appropriate communication with an understanding of user emotions. 
This helps businesses provide customized marketing and advertising strat- 
egies for users or a target audience. Data security, which is a common chal- 
lenge in today’s world, should also have some strict modes of processing 
and optimization to keep the user safer in the online environment. 
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3.1 INTRODUCTION 


Recent advances in Artificial Intelligence (AI) powered by Deep Learning 
(DL) significantly improved the state of the art in many fields [1]. In par- 
ticular, the Seq2Seq transformer networks highly influenced Natural 
Language Processing (NLP) [2]. Transformers are Deep Neural Networks 
designed to deal with sequential data, as text streams, and to capture and 
exploit (long-term) sequential relations. 

Such transformer networks can be easily fine-tuned into open-domain 
chatbots [3] and can be used for both retrieval and generative models. 
Retrieval-based chatbots select from a pool of available responses, while 
generative-based ones generate the sequence of tokens composing the 
response [1]. Generative models can adapt better to unforeseen situations, 
since their responses are not limited to the reference pool adopted by 
retrieval-based models. 

This chapter is interested in a subset of the open-domain chatbots, 
called “empathetic chatbots” [4, 5]. These chatbots are designed and built 
according to models and principles of empathy, a fundamental mechanism 
for human interactions [6, 7]. Proper implementation of such mechanism 
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would be an essential step towards more human-like chatbots, narrowing 
the gap between humans and machines. 

Our approach is based on Seq2Seq networks and aims at proposing a 
viable solution to empathetic chatbots. Moreover, we treat empathy as a 
control problem using a reinforcement learning approach. We train the 
chatbot to leverage a self-learnt, high-level dialogue structure for planning 
conversational acts that maximize the reward needed by the reinforce- 
ment learning approach. 

We divide this chapter into the following sections. In Section 3.2, 
we briefly present the latest results on neural chatbots, and the current 
approaches for empathetic chatbots. In Section 3.3, we explain how we 
deal with empathy in our chatbots. In Section 3.4, we present the architec- 
ture and training procedure of the chatbot’s underlying neural network. 
In Section 3.5, we explain how we evaluate our chatbot and present evalu- 
ation results. In Section 3.6, we summarize our work and provide hints 
about possible future works. 


3.2 RELATED WORKS 

In this section, we present a brief recap of the latest approaches for chat- 
bots based on Seq2Seq neural networks, and we give an overview of cur- 
rent solutions for empathetic chatbots. 


3.2.1 Seq2Seq Chatbots 


Deep Neural Networks for sequence analysis (i.e., Seq2Seq models) enable 
the design of retrieval and generative chatbots with incredible capabili- 
ties [8, 9]. Retrieval chatbots rely on a corpus of possible dialogue turns 
to predict their responses. They do not suffer from disfluencies', but they 
lack flexibility, as they are limited to the set of available responses in the 
pool [10]. On the other hand, generative models are more flexible, as they 
can also produce plausible responses to unforeseen contexts [4, 11, 12], but 
they are prone to disfluencies. 

There exist hybrid solutions combining the two approaches: retrieve- 
and-refine models generate starting from the retrieved response, used as 
an example [13], while multitask models, instead, have both retrieval and 
generative capabilities in a single architecture that are trained concur- 
rently [3]. 
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In the last ten years, the approach evolved from plain Seq2Seq causal 
models [14, 15] towards more complex hierarchical models, leveraging 
either continuous [16-18] or discrete hidden representations [19]. 

These early DL solutions were realized through recurrent neural net- 
works. However, such networks were limited by the sequential analysis 
approach (which made it impossible to parallelize the computation) and 
the inability to manage extended contexts (due to the degradation of the 
hidden representation). Thus, current approaches rely on attention mecha- 
nisms and transformer architectures [2]. 

Due to the high availability of pre-trained transformers [20], it is now 
possible to fine-tune them into conversational agents without the need for 
long training sessions on huge corpora, while still achieving impressive 
results [3]. These chatbot models are able to capture complex long-term 
relationships (and hence longer contexts) and allow for completely parallel 
computation [11, 12, 21, 22]. 

Usually, these neural chatbots are trained with a supervised learning 
approach. Given the context (i.e., the considered conversation history), 
retrieval models are trained to maximize the posterior probability 
of the whole target response. Instead, generative models are trained 
to maximize the log-likelihood of the next token in the response, 
given the context and the preceding response tokens (autoregressive 
approach). 

The training approach is not limited to the supervised one; it is pos- 
sible to rely on a reinforcement learning approach, and indeed many 
solutions have been proposed to train open-domain agents through rein- 
forcement learning [23-25]. Unlike task-oriented chatbots, in the case 
of open-domain chatbots, the reward is not well defined. Thus, metrics 
measuring social conversational skills and conversation goodness are 
used as rewards in the reinforcement learning problem. Various solu- 
tions were proposed to measure such aspects, even through learnt met- 
rics [26]. 


3.2.2 Empathetic Chatbots 

As premised, empathetic conversational agents are a sub-class of open- 
domain chatbots; in particular, such agents try to perceive emotions and 
react to them showing empathy, a fundamental mechanism of human- 
human interaction. Empathy can be roughly described as the ability to 
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understand another’s inner state and, possibly, respond accordingly (more 
on this in Section 3.3). 

In the last few years, a growing interest in this area led to the proposal of 
several solutions to implement empathy in conversational agents. Xiaolce 
represents an impressive example of an empathetic agent [4]. It imple- 
ments both emotional and cognitive aspects of empathy, and it is powered 
by knowledge, persona, and image grounding. Moreover, it is deployed on 
many social media, thus having access to user profiles for a more personal- 
ized experience (in fact, it is possible to mine useful personal information 
from websites like Twitter or Facebook [27]). Additionally, it is embodied 
through voice and an avatar, making it easier to perceive the agent as a 
human. 

The agent embodiment through visual and voiced interaction modules, 
although quite powerful in improving the user experience, is hard to man- 
age. Thus, other solutions limit the interaction to text exchanges, yield- 
ing a more straightforward development process. Conversational agents 
like CAiRE [5], MoEL [28], and EmpTransfo [29] implement empathy in 
their ability to recognize the user’s emotion or predict the most appropri- 
ate response emotion, dialogue act, and more. These agents learn the emo- 
tional mechanism, generating conditioned text; in other words, they have 
the ability to generate a response given some high-level attributes, like the 
desired emotion. 

Such textual models learn to simulate empathy by imitating good 
empathetic behavior examples, but it is possible to go beyond this 
approach: setting an explicit objective compatible with an empathetic 
behavior makes it possible to implicitly train the agent towards an 
empathetic behavior. 

The idea is to set an objective that implicitly requires the agent to 
understand the user’s inner state from the conversation context, and to 
act accordingly. In particular, the agents’ goal is to elicit a positive senti- 
ment in the user. Agents like Emo-HRED [30] or MC-HRED [31] select 
the desired high-level response attributes (emotion and dialogue act) to 
maximize such target. Thus, the actual response generation is conditioned 
on the selected attributes. This approach is also directly applicable at a 
lower dialogue level, like in the sentiment look-ahead network [32]. This 
network leverages reinforcement learning to alter the probability distribu- 
tion of the next token in the response, maximizing the positivity of the 
user's expected sentiment. 
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3.3 APPROACH TO EMPATHY 


Empathetic computing is a generalization of affective computing [33]. 
Early works on affective computing explained how a machine would not 
be completely intelligent as long as it does not perceive the user’s emotions. 
Empathy completes this concept by explaining how it is important to show 
emotional and cognitive intelligence [6]. These aspects of empathy allow 
understanding someone’s mental state (like emotion or intent). 

Empathy affects human interactions at different levels, as in a hierar- 
chy, and multiple frameworks reflect that [6, 7]. In this work, we propose 
following this same approach and building the chatbot to see the con- 
versation from a hierarchical perspective. The idea is to treat empathy 
as a control problem and have the agent selecting a high-level abstract 
response first, and then yielding the low-level response, all according to 
an empathetic policy. This policy controls the empathetic behavior of the 
agent [34]. 

We relied on data-driven approaches to build our generative empathetic 
chatbot, following the impressive advances observed in open-domain 
agents [4, 11-13, 21]. Our approach started from a probabilistic language 
model; in particular, we used a pre-trained language model to have strong 
initialization in features and generative capabilities, and we fine-tuned it 
into the final dialogue language model. 

Unlike previous works on empathetic agents, we propose leveraging 
unsupervised learning to extract a discrete high-level dialogue model 
during the dialogue language modelling training. Previous works rely on 
high-level labels (like emotion or dialogue act) available on annotated cor- 
pus [5, 28, 29]. This may represent a limitation since not all corpora are 
annotated or are based on the same label set. Our approach allows merg- 
ing multiple corpora and thus training a more complex model with pos- 
sibly better generative capabilities. 

We further fine-tuned the agent using reinforcement learning on an 
empathetic objective to provide the agent with empathetic capabilities. 
We refined the agent to maximize the user’s positive sentiment (extracted 
from the next conversation turn) and the user’s engagement (measured 
as the next turn relative length, with respect to the previous one). This 
step is necessary for the agent to learn the aforementioned empathetic 
policy. We use a discrete high-level model and a hybrid training frame- 
work to ensure this refinement step does not break the agent’s conversa- 
tional capabilities [19]. 
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3.4 CHATBOT IMPLEMENTATION 

In this section, we describe the probabilistic language model we used to 
implement our dialogue agent, and the training process we followed to 
embed the agent with empathy’. 


3.4.1 DLDLM Architecture 


As premised, we build our agent through a probabilistic dialogue language 
model; in particular, we designed and implemented it starting from the 
well-known GPT-2 [35] language model. Then, we extended the resulting 
model to include the hierarchical aspects of language we want to learn and 
exploit. 

We extended the vanilla Seq2Seq architecture of GPT-2 with additional 
heads (i.e., final linear transformations). The idea was to learn a set of dis- 
crete latent codes by clustering the responses while learning to predict 
them. In doing that, we follow an approach similar to PLATO [21, 22]; 
however, our approach also predicts latent codes, while PLATO only uses 
posterior recognition. 

The resulting dialogue language model is a variational auto-encoder 
with discrete latent codes. The model learns the latent codes in an unsu- 
pervised way and uses the recognized or predicted latent codes (at train 
and inference time, respectively) to condition the response generation. 
We call this architecture Discrete Latent Dialogue Language Model 
(DLDLM). 

The model takes the sequence of context tokens x, and the sequence 
of response tokens as input. The response tokens can be either those of 
the correct response x, or a distractor x, (for multiobjective training; 
more on this in Section 3.4.2). During training, the model’s input com- 
prises the entire sequence of response tokens. At inference time, instead, 
the response tokens are generated in an autoregressive fashion. The overall 
input structure is presented in Figure 3.1. 

The model fetches three kinds of embeddings that sum together at each 
position in the sequences, to encode the input and feed the hidden trans- 
formations. We distinguish among token embeddings, token type embed- 
dings, and position embeddings. 

Token embeddings are the regular embeddings calculated from the 
textual sequence. We wrap each turn with special token embeddings to 
indicate the beginning (<s>) and end (<s/>) of each of them. We also intro- 
duce additional embeddings to encode the latent codes z. Finally, we have 
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FIGURE 3.1 Input structure: Top-row elements are the actual input embeddings 
to the hidden transformation, second-row elements are token embeddings, third- 
row elements are token type embeddings, and fourth-row elements are position 
embeddings. The wi tokens were identified by the original GPT-2 tokenizer. 
Numbers in circles identify the steps in input processing. 


special tokens to instruct the model to perform the posterior (</q>) or 
prior (</p>) latent analysis. 

There are three types of token embeddings that represent where the 
tokens come from: context (</c>), response (</r>), or latent analysis (</I>). 
Finally, we use position embeddings to encode positional information into 
the token representation. 

In addition to the hidden transformations h(-), the model has six dis- 
tinct heads: 


e We use the Language Modelling head y; (x., Z, x,) to predict the 
probability of the next response token: P(x,,; | x, Z, Xr, jci); 
e We use the Latent Posterior head y,(x., x, ) to predict the posterior 
X x . def 
latent distribution P(z\x. „x, je Q; 
e We use the Latent Prior head (or Policy head) y, (x.) to predict the 
prior latent distribution P(z|x, = P; 


e We use the Classification head y. (x., x,) to predict the posterior 
probability that a given response is correct P(C = correct | x., x,), 
and also the posterior probability that a given distractor response is 
wrong P(C = wrong|x,, xa) = 1- P(C = correct | x., xa); 


e We use the Bag-of-Words (BoWs) head yu, (Xc, z) to predict the nor- 
malized BoW representation of the response BOW (x, )= Yoow (Xc> zh 


e We use the Reward head r= y,.,(x-, Z) to predict the immediate 
reward r. 
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FIGURE 3.2 Model abstract architecture and input/output flow. (a) Training. (b) 
Inference. 


The heads are used differently, depending on whether the model is 
deployed at train or inference time, as depicted in Figure 3.2 (more on this 
in Section 3.4.2). 

Following the number notation in Figure 3.1, the model follows this 
pipeline: 


1. The model encodes x, into the encoded context H, = h(x.) using the 
hidden transformations. 


2. The model encodes the prior latent analysis token </p> into 
h, = h(x,,H.), given the encoded context H., and predicts the prior 
probability distribution P using y, (-). 


3. The model encodes x, into the encoded response H, =h(x,,H.), 
given the encoded context H.. During training, x, is encoded too, as 
an alternative path to x,. 


4. The model encodes the posterior latent analysis token </q> into 
h, = h(x,,H..H,), given the encoded context H, and response H,, 
and predicts the posterior probability distribution Q using y,(-). 
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Then, the model computes the posterior probability of a response 
to be the correct one (for both x, and x,), on top of h,, using the 
retrieval head y. (-). 


5. The model encodes the selected high-level latent token z into 
h, = h(z, H.) from the encoded context H.. During training, z is 
sampled from Q; during inference, from P. Then, on top of h,, the 
model predicts the expected reward with y,.,,(-), and predicts the 
BoW representation with yo, (-). 


6. Finally, the model computes the posterior probability of the next 
token x,; given the encoded context H, the encoded latent h,, and 
the preceding response tokens x, j<» using the language modelling 
head y,,,(-). 


3.4.2 Training 


We train the DLDLM model in two steps. 

During the first step, the model learns the high- and low-level dia- 
logue model. We leveraged unsupervised learning to extract the high-level 
model and supervised learning to extract the low-level dialogue model. 

During the second step, the model learns the empathetic behavior. We 
leveraged a hybrid reinforcement and supervised learning approach to learn 
the empathetic policy without breaking the underlying dialogue model. 


3.4.2.1 Discrete Latent Dialogue Language Model 

We trained the network on the first step using mini-batches X of dialogue 
response samples. Each sample is a quadruple composed of a sequence 
of context tokens x,, a sequence of response tokens x,, a sequence of 
distractor tokens x4, and an immediate reward vector r. We update the 
parameters © of the network to minimize the loss described in the fol- 
lowing equation: 


L(X;0)= Ex | Lia (acc, x, )]+ Ex | Laas (x0,x,)] + Ex [Lers (xx, x4 )] 


+ Ex [Law (acc x, + y Ex | Crew (xx, ,1)] 


where: 
e Lim (-) is the average negative log-likelihood of observing the response 
tokens given the context tokens and the preceding response tokens (i.e., 
usual language modelling loss) to train the dialogue language model. 
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e Lx1;(-) is the thresholded Kullback-Leibler (KL) divergence of P(-) 
from Q(-), used to prevent the vanishing KL issue [36] and train the 
discrete latent model [37]. 


e Las(-) is the contrastive binary cross-entropy to train the retrieval 
model. 


e Lzow(:) is the average negative log-likelihood of the response tokens 
computed from z, to help training the latent model. 


e Lerw(-) is the mean squared reward prediction error, to help model- 
ling the hidden features for the following training step. 


During this training step, we modify the activation of the posterior 
head y,(-). We employ a Gumbel-Softmax(-) [38] instead of the regular 
Softmax(-), as, during training, we are interested in dealing with a dis- 
tribution as close as possible to the categorical one (due to the discrete 
approach), while still needing to maintain the latent sampling process 
differentiable. 


3.4.2.2 Empathetic Policy 

During the second step, we trained the network using mini-batches X of 
episodes E (i.e., entire dialogues). Then, for training the empathetic con- 
troller (i.e., empathetic policy) we resorted to a policy gradient algorithm: 
REINFORCE [39]. In particular, we used the off-policy version of the 
algorithm to avoid wasting resources for conversation simulations, and to 
avoid introducing errors due to the possible faults in the dialogue gen- 
eration process (sometimes, models like the one we are designing tend to 
yield dull or inconsistent responses [8]). 

To avoid breaking the generative capabilities learnt from the previous 
step, we resorted to a hybrid reinforcement and supervised training objec- 
tive [32] to maximize the hybrid objective function described in the follow- 
ing equation. The two objectives are weighted by a parameter A e[0, 1] R 
to control the trade-off between the reinforcement learning objective Jar (E) 
and the supervised learning loss Ls (+) in the hybrid training. 


I (B®) = AB[ Jn (E)]+ (1-2) [Lu (E)] 
E 


Trt (E;0)= SI (Pure (x9, x! + OL (x9, x$”) )) 


t=1 
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where: 
> Jr 0) is the reinforcement learning objective to maximize, computed 
as in the previous equation. 


e Ls.(:) is the supervised learning loss to minimize, defined as in 
the first equation, but with Ly. (-) instead of Lxz, (+) (see the next 
point). 


e Lyr (+) is the negative log-likelihood of predicting the latent code 
that maximizes Q(-) using P(-). 


e o€{0,1} is a parameter to control whether to use the REINFORCE 
objective to also influence the low-level language modelling (0 = 1) or 
only the high-level policy (a = 0). 


+ G" isa standardized cumulative discounted reward computed under 
the behaviours policy at time step t. 


As in the previous step, we resorted to using the Gumbel-Softmax(-). 


3.4.2.3 Hyperparameters 
We trained and refined two versions on the network based on the 117 and 
345 million parameter versions of the original GPT-2. 

The two models were trained for 30 and 10 epochs, respectively, during 
the first training step, and for a single epoch in the second one. During the 
first training step, we used a mini-batch of size 64, and during the second 
training step we used a mini-batch of size 1 (a single episode). 

In each context-response pair we considered only contexts up to 256 
tokens and responses up to 128 tokens. We leveraged the original GPT-2 
tokenizer to encode the turn strings. 

Regarding the training process, we used the AdamW Optimizer [40], 
and, in all training processes, we adopted a linear learning rate schedule 
with 0.2% of update steps warmup. The maximum learning rates in the 
two implementations were 6.25 -10° and 3.125 -10”, respectively. 

Finally, the Gumbel-Softmax(-) used a temperature rescoring of 
T = 2/3. 


3.5 EVALUATION 


In this section, we present the approach we followed in the evaluation of 
the agent, the corpora employed, and the subsequent results. 
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3.5.1 Corpora 


We trained and evaluated our chatbot on a mix of different well-curated 
corpora to have sufficient data to extract a reliable high-level model. In 
particular, we merged four different open-domain conversation cor- 
pora: DailyDialog (DD) [41], EmpatheticDialogues (ED) [42], Persona- 
Chat (PC) [43], and Wizard of Wikipedia (WoW) [44]. We used the 
same splits of the original corpora to collect the train and validation 
samples we used in the learning steps, and the test samples we used 
in the evaluation steps. Table 3.1 reports the main statistics about the 
corpora. 

As premised, we considered two distinct rewards to maximize, in the 
empathetic learning step. The elicited sentiment reward was computed 
scaling the results of sentiment analysis of each turn, in a [-1,1]c R 
range. The reward about the relative response length was computed as the 
difference between the number of next turn tokens and current response 
ones, normalizing on the current response length; this reward was fur- 
ther scaled through a tanh(-)$ to constrain the values in a [-1,1]<R 
range. We leveraged an external tool (SpaCy* library) to compute these 
values. 


3.5.2 Approach 


We evaluated the chatbot implementations through automatic met- 
rics to assess the quality of the dialogue language model and to assess 
the positive effects of the empathetic refinement. The 117M and 345M 
models were compared right after the first training step, after the pol- 
icy fine-tuning, and after policy and language modelling joined the 
fine-tuning. In this way, we observed the effects of the various training 
steps. 

To evaluate the generative capabilities of the dialogue language mode, 
we resorted to Perplexity (PPL) [3, 11, 12]. It is the most commonly used 
metric for this kind of evaluation. Moreover, it strongly correlates with 
human judgment on dialogue quality [12]. 

We maintain an off-policy approach to evaluate empathy and social- 
ity, as in the training step [24]. Thus, we compute the average cumulative 
reward of the models, weighted on the probability of doing the same action 
under the baseline policy or the empathetic policies. 

We split the evaluation in two parts to better observe the effects of fine- 
tuning for empathy, at different granularity levels. 


TABLE 3.1 


DD 
ED 
PC 
WoW 
Total 


Main Statistics on the Considered Corpora Organized per Split 
Train Validation Test 
Turns Per Tokens Per Turns Per Tokens Per Turns Per Tokens Per 
Dialogues Dialogue Turn Dialogues Dialogue Turn Dialogues Dialogue Turn 
11118 7.84 + 4.01 14.37 + 10.83 1000 8.07 + 3.88 14.28 + 10.52 1000 7.74 + 3.84 14.56 + 10.92 
19533 4.31 + 0.71 15.90 + 9.80 2770 4.36 + 0.73 17.08 + 9.66 2547 4.31 + 0.73 18.16 + 10.38 
8939 14.70 + 1.74 12.11 \pm 4.24 1000 15.60 + 1.04 12.37 + 4.05 968 15.52 + 1.10 12.23 + 4.00 
18430 9.05 + 1.04 19.88 + 9.64 981 9.08 + 1.02 19.89 + 9.62 965 9.03 + 1.02 19.91 + 9.58 
58020 8.09 + 3.99 15.97 + 9.33 5751 7.77 + 4.45 15.49 + 8.81 5480 7.75 + 4.45 15.76 + 9.15 
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TABLE 3.2 Results of the PPL Off-Policy Evaluation of the Language Model 


Model PPL 
Configuration Size All data Ten. > 0 foc. > 0 Fsent > 0 A foc > 0 
Baseline 117M 18.27 + 31.08 18.23+31.76 17.22 + 35.48 17.36 + 36.73 
345M 14.67 + 21.88 14.65 + 22.32 13.93 + 24.87 14.03 + 25.85 
Emp. (n) 117M 18.54 + 33.51 18.46 + 33.99 17.41 + 38.28 17.51 + 39.49 
345M 14.85 + 21.80 14.80 +21.88 14.04 + 24.18 14.11 + 24.75 
Emp. (n, LM) 117M 27.65 + 70.93 27.42+72.87 24.38 + 79.75 24.60 + 83.33 
345M 18.85 + 62.54 18.90 +67.16 16.93 + 32.81 17.03 + 33.47 


Note: Emp. (n) models refer to the policy fine-tuning; Emp. (n, LM) models refer to the 
policy and language modelling joined fine-tuning; the remaining models are the 
baselines (i.e., no fine-tuning). ren, >0 refers to the samples in the test set where 
the elicited sentiment reward is non-negative; rsoc. > 0 refers to the samples in the test 
set where the tanh(-) of the elicited response relative length is non-negative. 


3.5.3 Results 


We reported the results of the PPL evaluation‘ in Table 3.2 and the results of 
the empathetic policy (controller) in Figure 3.3. As premised, the reported 
results are from automatic metrics. A human evaluation should be carried 
out to understand the actual chatbot behavior in a better way. As for now, 
we limited the evaluation to this automatic approach to gathering early 
results on the proposed approach. 

Concerning PPL, the first result we point out is that higher model com- 
plexity reflects in the results. The trained models achieved lower PPL scores 
when used in the 345M version. This lower PPL score reflects other results 
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FIGURE 3.3 Results of the off-policy evaluation of the empathetic controller. 
Emp. (n) models refer to the policy fine-tuning; Emp. (m, LM) models refer to the 
policy and language modelling joined fine-tuning; the remaining models are the 
baselines (i.e., no fine-tuning). 
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in literature, where authors showed how increasing model complexity does 
improve language modelling capabilities [11, 12]. 

Another point to highlight is how empathetic fine-tuning negatively 
affects language modelling capabilities. The “policy only” fine-tuning 
does not sensitively affect the PPL; this is expected since we did not alter 
the language modelling loss to train the model. The “joined” fine-tuning, 
however, produces way worse results. The 345M model ends up with a 
PPL closer to the 117M model than the other two tested configurations. 
Despite this being expected when computing PPL on the whole corpus, 
since the model needs to reject responses that may have negative rewards, 
we expected better results when considering only the subset of interactions 
with positive rewards (last three columns of Table 3.2). Given the results of 
similar works [32], we expect that a better hyper-parameter search could 
help fix this issue. 

Finally, we would like to point out that the model always performs bet- 
ter on samples associated with positive rewards: it is correctly oriented 
towards responses that can promote users’ positive sentiment and longer 
responses. Although a deeper analysis is required, the results we obtained 
can bea hint that our approach is viable to introduce an empathetic behav- 
ior in conversational agents. 

We immediately noticed two aspects of the weighted cumulative rewards 
value ranges concerning the empathetic policy. Empathetic fine-tuning of 
policy and language modelling leads to narrow ranges than other results. 
Moreover, the 345M models cover a more comprehensive range of values 
than the 117M ones. 

Models that undergo fine-tuning of policy and language modelling 
achieve acceptable results in the evaluation of the weighted cumula- 
tive reward (as shown in Figure 3.3). The overall distribution of values is 
mostly non-negative, meaning that the model is oriented towards actions 
with non-negative rewards. This was the expected result of the fine-tuning. 
However, the narrow ranges indicate that instead of going toward positive 
rewards, the model learnt a “safe” policy where the rewards are close to 0. 
This behavior is a common issue of off-policy learning. This result and the 
low PPL scores lead us to the realization that this fine-tuning at multiple 
levels of granularity requires an ad-hoc analysis to work correctly, which 
we leave as possible future work. 

Models that undergo empathetic fine-tuning only on the policy par- 
tially confirm the results from the PPL analysis. Observing the distri- 
butions of the cumulative elicited sentiment rewards, we notice that the 
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model achieves higher maximum rewards and averages than the baseline 
counterparts. These higher scores mean that the empathetic fine-tuning 
positively affected the model towards a more empathetic behavior, favor- 
ing the user’s positive sentiment. Observing the cumulative distribution of 
the elicited response’s relative lengths, however, we do not find the same 
behavior: maxima are higher than the baseline counterparts, but not aver- 
ages. However, most of the distribution is non-negative, showing that the 
fine-tuning did not lead to undesired behaviors. 

Finally, we point out that models that did not undergo empathetic fine- 
tuning still achieved good results in this evaluation. These results are pri- 
marily due to the corpus. Despite presenting examples of responses to cover 
both positive and negative rewards, there is an unbalance towards posi- 
tive scores; thus, the model learns this behavior directly from the training 
samples. Ideally, we would need a balanced corpus to have a sharper effect 
after fine-tuning; in practice, these data are hard to find, especially among 
well-curated dialogue corpora. 

From these results, we evinced that the empathetic fine-tuning, lim- 
ited to the high-level aspects of the conversation, achieves better results 
on elicited sentiment, showing a viable solution for the development of 
empathetic chatbots. Moreover, acting only at a high level helps not to dis- 
rupt the language modelling capabilities of the agent (the difference in PPL 
between these models and the baseline counterparts can be considered 
negligible). 


3.6 CONCLUSION AND FUTURE WORK 


This chapter describes our solution to implement and train an empathetic 
chatbot using a Seq2Seq approach. The agent is trained in a two-step pro- 
cess, starting from a pre-trained probabilistic language model. During the 
first step, we fine-tune the agent to generate dialogue and learn a discrete 
latent dialogue structure. In the second step, we resort to hybrid reinforce- 
ment and supervised learning to exploit the dialogue structure and the 
dialogue generative capabilities, further refining the agent to optimize 
empathy-related rewards. 

In our empathetic agent, we approach empathy as a control problem. 
We train and evaluate different versions of the Seq2Seq neural network in 
the experiments. The rewards we train the agent to optimize are the elic- 
ited positive sentiment (to enforce emotional intelligence) and the relative 
response length (to enforce a social behavior that pushes the user towards 
openness). Applying the control at different levels of granularity, we 
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observe that DLDLM produces better results when fine-tuned for empathy 
at the high-level dialogue model only. 

As of now, we foresee two possible directions. On one side, we are will- 
ing to refine the agent on more task-oriented conversations; the idea is 
to keep the open-domain conversation setting but with an overall goal 
requiring empathy and others’ understanding, like in therapy or counsel- 
ling sessions. On the other side, we are interested in completing the chat- 
bot adding modules for voiced input/output, namely an Automatic Speech 
Recognition and a Text-to-Speech system. These extensions would make 
the agent appear more human and thus more relatable, a fundamental 
property for empathetic agents. 


NOTES 


1. In this context, the term “disfluency” means the generation of meaningless 
sentences. 

2. The code base with the dialogue agent model and the training process are 
available at https://github.com/vincenzo-scotti/dldlm/tree/v2.0 

3. https://spacy.io 

4. For the models that undergo empathetic fine-tuning on both policy and 
language modelling, we got many infinite PPLs; to be able to compute these 
values, we filtered all PPL > 10,000 considering them as outliers (more com- 
ments about this later). 
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CHAPTER 4 


EMOTRON 


An Expressive Text-to-Speech 


Cristian Regna, Licia Sbattella, Vincenzo Scotti, 


Alexander Sukhov, and Roberto Tedesco 
DEIB, Politecnico di Milano, Milan, Italy 


4.1 INTRODUCTION 

Text-to-Speech (TTS) synthesis (or simply, speech synthesis) is the task 
of synthesizing a waveform uttering a given piece of text [1]. Like many 
other areas of the Artificial Intelligence (AI) field, Natural Language 
Processing (NLP) has been pervasively affected by Deep Learning 
(DL). The subsequent development of neural TTS systems (i.e., neural 
networks for speech synthesis) has dramatically advanced the state-of- 
the-art [2]. 

In the last few years, these neural network-based models evolved sig- 
nificantly, introducing neural vocoders to remarkably improve the qual- 
ity of the synthesized speech [2]. They also introduced the possibility of 
conditioning the synthesized speech in different aspects, like the speaker’s 
vocal timbre or prosodic style [2]. This latter aspect enables the TTS to be 
significantly expressive when uttering a sentence. 

In this chapter, we introduce EMOTRON, a TTS system able to condi- 
tion the synthesized speech on a given emotion'. The idea is to control the 
emotion expressed by the utterance by providing such emotion as an addi- 
tional input to the neural network, during the synthesis process. During 
training, the network is updated to minimize speech synthesis and per- 
ceived emotion losses. In this way, we have the network learn to control the 
prosody (i.e., voice rhythm, stress, and intonation) necessary to deliver the 
emotional information through the uttered speech. 
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To assess the quality of our model, we conducted an evaluation based 
on human opinions. Listeners were asked to compare EMOTRON synthe- 
sized speech to real clips and to clips synthesized by a reference Tacotron 
2 TTS we trained as a baseline. Compared to natural clips, those synthe- 
sized by EMOTRON and the baseline were always inferior. However, when 
compared to the baseline TTS, our results were slightly worse in terms of 
clarity of speech and clearly better in terms of perceived emotion. 

We organize the rest of this chapter according to the following structure. 
In Section 4.2 we present the current approaches in the Deep Learning- 
based TTS development. In Section 4.3 we introduce our architecture for 
emotional TTS. In Section 4.4 we explain how EMOTRON is trained and 
used at inference. In Section 4.5 we present the corpora we employed to 
train our model. In Section 4.6 we describe the evaluation approach we 
followed to assess the quality of our model. In Section 4.7 we present and 
comment on the results of the evaluation of our TTS. In Section 4.8 we 
summarize our work and provide hints about possible future extensions. 


4.2 RELATED WORKS 

In this section we outline the main aspects concerning neural TTS synthe- 
sis models, and we provide details concerning the control of speech style 
in such systems. 


4.2.1 Text-to-Speech Synthesis with Neural Networks 


Deep Neural Networks enabled many new possibilities in developing 
TTS systems. In this chapter, we focus on approaches based on acous- 
tic models [2]. TTS developed with this architecture are divided into two 
main components: acoustic model (also called spectrogram predictor) and 
vocode [1, 2]. The former component takes care of converting a sequence of 
graphemes? or phonemes? into a Mel-spectrogram; the latter component 
takes care of converting the Mel-spectrogram into a raw waveform, con- 
cluding the synthesis process. 

A spectrogram is a visual way of representing a signal strength over 
time, at various frequencies. If such frequencies are passed through a mel 
filter (mathematical model trying to approximate the non-linear human 
sensitivity to various frequencies), the result is the Mel-spectrogram. 
Figure 4.1 shows an example. The horizontal axis shows time, the vertical 
axis shows mel frequencies, and color represents the strength of any given 
“point” (i.e., a given frequency bin at a given time instant). 
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FIGURE 4.1 Visualization of a Mel-spectrogram. 


Note that vowels, being almost harmonic, are represented as a set of 
“strips” (the biggest harmonic components, called formants), which both 
characterize each vowel and are unique for each speaker. Instead, unvoiced 
consonants, like “p” as in “pet,” are shown like noise, appearing spread 
among all the frequency bins. Finally, voiced consonants, like “m” as in 
“man,” are a mix of harmonics and noise. 

The acoustic models for Mel-spectrogram prediction are commonly 
built using a Seq2Seq encoder-decoder architecture (e.g., Tacotron [3, 4], 
DeepVoice [5], FastSpeech [6]). The encoder projects the sequence of graph- 
emes or phonemes into a sequence of hidden vectors. Instead, the decoder, 
either autoregressively or in parallel, generates the Mel-spectrogram. 
Usually, the alignment between encoded graphemes or phonemes and the 
Mel-spectrogram is done through an additional attention mechanism [7] 
working between the encoder and the decoder. Additionally, some of these 
architectures have a separate module to predict the stopping point of the 
generation process. 

In particular, we are interested in the Tacotron 2 architecture [4], as this 
architecture has proven to be widely extensible [8] and re-usable [9]. Thus, 
we decided to enhance it with an emotion control module to make the 
generated voice more expressive. 

To complete the speech synthesis pipeline, a vocoder is necessary. Neural 
vocoders have become a fundamental module of TTS models; they are 
necessary to synthesize a speech as clear as possible [1]. Compared to the 
previous approach, the Griffin-Lim algorithm [10], neural vocoders yield 
audio with fewer artefacts and higher quality. Available implementations 
are based on (dilated) convolutional neural networks (e.g., WaveNet [11], 


80 m Machine Learning and Deep Learning in Natural Language Processing 


WaveGlow [12], MelGAN [13, 14]) or recurrent neural networks (e.g., 
WaveRNN [15]). Moreover, they can be trained to work directly on raw 
waveforms [11] or on Mel-spectrograms [14]. For this work, we leveraged 
pre-trained implementations of WaveNet and WaveGlow (more on this in 
Section 4.4). 


4.2.2 Controlled Speech Synthesis 


Besides the obvious control on the synthesized speech given by the input 
text (what to say), there are multiple research lines focused on control- 
ling further aspects of the synthesized speech through additional infor- 
mation. These additional aspects can be categorized into two groups: 
speaker (or timbre, i.e., who is speaking) and prosody (or style, i.e., how 
to speak) [2]. These two aspects are completely orthogonal and can be 
combined [8]. 

Speaker control allows disentangling the content from the speaker, 
making the overall TTS model more re-usable. The idea is to provide 
additional information on the speaker to the TTS. This approach allows 
leveraging multi-speaker datasets, while, previously, neural TTS used to 
be trained on single-speaker datasets [16]. To implement this kind of con- 
ditioning, it is sufficient to concatenate the hidden features extracted from 
a speaker recognition network to the hidden representation of the input 
text, as it was done for Tacotron 2 [17]. 

Prosodic control covers all the aspects concerning intonation, stress, 
and rhythm, which characterize how a sentence is uttered. These 
aspects also influence the emotion perceived by the listener. A refer- 
ence step towards this kind of control on the speaking style is rep- 
resented by the Global Style Token (GST) [16]. Instead of explicitly 
modelling the aspect characterizing the prosody, this model uses unsu- 
pervised style representations learnt alongside the synthesis model. In 
the original implementation, a Tacotron 2 model was extended with 
a separate encoder that extracted a vector representing the so-called 
style embedding; this vector is concatenated to the hidden representa- 
tion of the input text to provide the decoder with the style information 
[16]. Notice that this kind of control works at a high level: the specific 
changes connected to a given style are learnt and implemented by the 
spectrogram generator. 

In this work, we will focus on prosodic style control. As premised, 
we are interested in controlling low-level aspects concerning the style of 
speech by selecting at a high level the target emotion to express. 
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4.3 EMOTRON MODEL 


In this section we depict the architectural details of the EMOTRON model 
for controlled speech synthesis. We describe the architecture of the spec- 
trogram predictor and the architecture of the emotional capturer. 


4.3.1 Text-to-Speech 


We based the EMOTRON architecture on that of a Tacoron 2 [4]. The 
overall network is the same: an encoder-decoder architecture with loca- 
tion-sensitive attention. Similar to the GST variant [16], we introduced an 
additional linear transformation to manage the additional emotion input. 
The overall architecture is depicted in Figure 4.2; we re-used all the hyper- 
parameters from the original implementation. 

The input stream of characters x =(X1,..., Xm) representing the text to 
utter is passed through the Character encoder: a stack of three convolu- 
tional layers and a final BiLSTM layer [18]. At this step, the output is a 
sequence of feature vectors. 

We concatenated each hidden vector of the input character stream with 
the embedding of the target emotion. We extracted such embeddings 
through a linear transformation taking as input the categorical probability 
distribution of the desired emotion (predicted by the emotional capturer on 
a reference Mel-spectrogram; more on this in Section 4.3.2) e=(€;,..., ex) 


Location sensitive 
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FIGURE 4.2 EMOTRON high-level architecture and data flow. 
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where e €[0, 1]' CR*:Yf,e¡=1. In this way, we can tell the network 
to imitate the emotion found in a reference audio clip. In particular, we 
considered k = 4 different emotions (namely, “neutral,” “sadness,” “anger,” 
and “happiness”) in our implementation, and generated 32-dimensional 
embeddings. Note that, alternatively, such distribution can actually be a 
one-hot encoding of the target emotion (e e {0, 1}*). In this way, we can tell 
the network to generate a specified emotion. 

The hidden vector generated above is the input that guides the decoding 
of the output Mel-spectrogram. The alignment between the encoder and 
the decoder is realized through the location-sensitive attention [4]. All the 
hyper-parameters at this step were left unchanged. 

The Spectrogram decoder is designed to work with a causal approach: 
it leverages all the Mel-spectrogram Y,, up to the current step t in the 
sequence to predict the next slice y,. The input Mel-spectrogram up to 
the latest generated step Y,-, is passed through a stack of two pre-net 
layers, two LSTM [19] layers (aligned with the attention), and a final 
linear projection. The final output is further refined through a stack 
of five convolutional post-net layers. An additional linear projection 
to the latest LSTM output is used as a stop-net to signal the end of 
the generation process. All the hyper-parameters at this step were left 
unchanged. 


4.3.2 Emotional Capturer 


The emotional capturer plays two essential roles in the EMOTRON archi- 
tecture (see Figure 4.3). On one hand, it takes care of extracting the per- 
ceived emotion probability distribution e €[0, 1] cR*: yt, e,=1 from 
the Mel-spectrogram Y e R° of a reference audio clip (where C is the 
number of frequency bins in the Mel-spectrogram and T is the length of 
the clip), so it is a discriminative neural network for emotion recognition. 
Thus, it allows replicating the perceived emotion from the reference clip 
during the synthesis process. On the other hand, this network’s hidden 
features h, can be leveraged to compute the style loss. As we explain in 
Section 4.4, this loss is fundamental to enforcing the emotion condition- 
ing when training the whole network. 

The emotional capturer network comprises a stack of six 2D convolu- 
tional layers that take the Mel-spectrogram as input. A Gated Recurrent 
Unit (GRU) layer and four fully connected layers complete the sequence 
of transformations. For further details about the architecture, refer to 
Figure 4.2. 
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FIGURE 4.3 Architecture of the emotional capturer. 


The number of output channels in the convolutional layers doubles 
every two convolutional blocks (dashed blue box in Figure 4.3), starting 
from 32. Each 2D convolution uses a 3x3 kernel and a 2x2 stride. After 
every convolution, we apply ReLU(-) activation and batch normalization. 

The GRU layer generates a sequence composed of 128-dimensional vec- 
tors (one for each time slice); we take only the last one to summarize the 
entire sequence. 

Of the following two linear blocks (dashed orange box), the first one 
has, again, 128-dimensional vectors, while the last one yields 256-dimen- 
sional vectors. This feature vector represents h, = h,(Y) e R”*: the hidden 
representation of the whole sequence. Note that such linear blocks use a 
LeakyReLU (-) activation and dropout regularization. 

Finally, a following liner projection yields the logits of the four consid- 
ered emotions, and a softmax (-) activation allows to output their posterior 
probabilities e. 

The overall architecture is agnostic of the actual labels it learns to dis- 
criminate. Conceptually, the emotion capturer acts as the Global Style 
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Token (GST) module from Tacotron 2 [16]. However, GST learns such 
labels through an unsupervised approach while training the entire model; 
the emotional capturer, instead, can be instructed on the target labels, 
independent of what they represent. 

We also trained a second model using a semi-supervised learning 
approach, for the Tacotron 2 baseline model. We created alternative 
labels by clustering the clips in the dataset using common emotion 
discriminative features (more on this in Section 4.5). We used this 
pseudo-emotional capturer to add emotion control to the Tacotron 2 
baseline model. 


4.4 TRAINING AND INFERENCE 

This section provides the details concerning the model’s training 
(both EMOTRON and emotional capturer) and inference (i.e., audio 
synthesis). 


4.4.1 Training Details 


We designed the EMOTRON model to enforce emotion control on syn- 
thesized audio, as premised. We resorted to results coming from computer 
vision to achieve this goal [20]. We approached our problem following 
insights from image style transfer models: we trained our network to min- 
imize, at the same time, a content loss Lonten (+°) and a style loss Lsi (-), 
as described in the following equation; where x is the input sequence of 
characters, e is the target emotion categorical distribution, Y is the refer- 
ence Mel-spectrogram, and Y = fris(x, e| Y) is the output of EMOTRON, 
generated with guided decoding (more on this later). 


Lrrs (x, Y, €) = Leonen (Y > frrs (x, e|Y))+ Lage (Y, frrs (x, e|Y)) 


The content loss is the L, norm of the reconstruction error between tar- 
get and predicted spectrograms, Y and Y. The objective of this loss is to 
train the spectrogram predictor to output intelligible audio, and it is the 
usual loss used to train neural TTS models. We reported the formulation 
in the following equation, where C is the number of frequency bins form- 
ing the Mel-spectrograms (pre-defined and fixed), T is the number of time 
slices for the current reference Mel-spectrogram (different for each spec- 
trogram we consider), while y., and y,, are the value of the c-th frequency 
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bin of the t-th time slice, obtained from the reference Mel-spectrogram 
and generated by our model, respectively. 


ED C 
Loan =F E Eou) 


t=1 c=1 


At training time, the network uses guided decoding to generate Y. The 
Spectrogram decoder inside the EMOTRON model is designed to gener- 
ate in an autoregressive manner, consuming as internal input the last gen- 
erated Mel-spectrogram time slice. During training, however, we use the 
reference Mel-spectrogram time slice instead of recurring the output slice. 

Instead, we used the style loss to enforce the emotion based (or emo- 
tion related, in the case of the pseudo-emotional capturer) style control 
on prosody. The idea behind this loss is to find space where it is possible to 
capture emotional information, like the hidden representation of a speech 
emotion discriminator. If the projection in such a space is a differentiable 
transformation (as in our case), it is possible to compute the style loss from 
the different hidden representations. We follow the approaches proposed 
for image style transfer [20, 21]; we compute the style loss as the L, norm of 
the difference between the Gram matrices G(-) e R®® obtained by the 
two hidden vectors of the reference and generated Mel-spectrograms. We 
reported the formulation of this loss in the following equation. 
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We trained the EMOTRON network for almost 120 k update steps on 
mini-batches of 32 audio clips. We set the learning rate to n = 10”, with an 
exponential decay to 10 °. To enforce regularization, we used weight decay 
with A = 10° and we clipped the maximum norm of the gradients to 1. 

Such training procedure only affects the EMOTRON network frrs(-) 
(i.e., encoder-decoder) and the emotion embeddings. 

Instead, the emotional (and pseudo-emotional) capturer f,(-) was 
trained separately to discriminate among the considered emotions (or 
emotion-related clusters). We applied the usual negative log-likelihood 
loss computed through the cross-entropy on the target class. The follow- 
ing equation describes the loss, where e; (with i e [1, k] c N, and k = 4 for 
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the emotional capturer or k = 3 for the pseudo-emotional capturer), is thei 
th emotion associated with the speech signal represented through Y, while 
f.(-), is the reconstructed probability for such ith emotion. 


L.(e;, ¥)=—In P(e|¥)= —In f.(Y,) 


4.4.2 Inference Details 


During inference, the model leverages autoregressive decoding (i.e., it 
recurs the latest output time slice of the Mel-spectrogram as the next input 
of the decoder). Thus, instead of generating with a guided approach as in 
training and computing y = frrs(x, e | Ya), it computes y = frrs(x, e | Vx) 
to generate the Mel-spectrogram Y. The autoregressive process continues 
until the stop-net triggers the interruption (predicting a sufficiently high 
posterior “stop” probability). 

Concerning emotion control, since we followed the same approach of 
GST, it is possible to obtain it in two ways. The former approach consists 
in providing a reference audio clip spectrogram to replicate its emotional 
style. The emotional capturer takes care of extracting the high-level infor- 
mation necessary to feed the model. This approach is followed during 
training and can be used for inference. Alternatively, the latter approach 
prescribes feeding the model with the categorical emotion and fetching 
the corresponding embedding to be concatenated to the textual features to 
condition the synthesis. We followed this approach only during inference. 

Since EMOTRON outputs the Mel-spectrogram, to extract the raw 
audio waveform, generating the final synthesized speech, we leveraged a 
vocoder. During testing and inference, we leveraged the WaveNet vocoder 
[11] because of the higher audio quality (during training, to get samples 
faster, we employed WaveGlow [12]). Notice that we did not tie the model 
to a specific vocoder, and thus this final module can be freely substituted. 


4.5 DATA 

In this section, we present the corpus we employed to train the EMOTRON 
TTS model and the connected capturers. We organized the sections 
according to the target model. 


4.5.1 Conditioned Speech Synthesis 


The dataset we selected to train EMOTRON is the one released for the 
Blizzard Challenge 2013 [22]. It is a collection of audiobooks read by a 
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single speaker, with high expressivity. The data set included more than 
100 hours of recorded clips. 

We selected this dataset for its size and high expressivity of uttered sen- 
tences. The high number of samples and their variety is crucial to have 
the network properly learning the different styles. Moreover, since we are 
not modelling multi-speaker properties, having a single speaker data set is 
crucial for convergence. 

We retrieved two subsets of the original corpus: the “selected” version 
and the “full” version. The former is a selection of clips already pre-pro- 
cessed and paired with the transcription. The latter required some pre- 
processing to be usable, because the clips contained the reading of entire 
chapters. In particular, we did: 


+ Transcripts retrieval from the Project Gutenberg website’. 
+ Transcripts alignment using the Aeneas forced aligner’. 
e Clips cropping to have easy-to-process small utterances. 


+ Post-processing to filter out clips shorter than 1 s and longer than 14s. 


The overall dataset resulted in 120 hours of recordings. 


4.5.2 Emotion Recognition for EMOTRON 


We required emotion labels on the speech synthesis dataset to train the 
emotional capturer. Since these labels were not available and due to the size 
of the dataset, we resorted to automatic systems. We leveraged two neural 
networks for emotion recognition from speech (and text): PATHOSnet [23] 
and CNN-MFCC [24]. We used these two systems for a more robust result. 

PATHOSnet distinguishes among “neutral,” “happiness,” “sadness,” 
and “anger”; CNN-MFCC can also identify “calm,” “fear,” “disgust,” and 
“surprise.” To have unified labels, we combined “calm” and “neutral,” and 
“sad” and “fearful.” Additionally, we removed “surprise” due to its low 
presence in the dataset. 

We used these two networks to label the audio clips in the corpus by 
combining their predictions. Given the individual reported results, we 
applied the following rules to combine the predictions: 


e If the predicted label is not “happy,” use the prediction from 
PATHOSnet. 


+ Else use the prediction from CNN-MFCC. 
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4.5.3 Emotion-related Clusters Recognition for the Baseline Model 


The original GST approach for expressive speech leveraged unsupervised 
learning to identify the style labels while training the speech synthesis 
model. Here instead, we propose splitting this step and learn pseudo- 
emotion labels. 

Instead of relying on the hidden features learnt by the deep style model, 
we performed clustering on the audio clips and learnt to predict the cluster 
labels. We extracted features that correlate with emotion from the audio 
clips applied feature reduction and clustered clips on these representations. 

We used the OpenSmile tool [25] to extract all 120 features including 
intensity, loudness, MFCCs, pitch and pitch envelope, probability of voic- 
ing, line spectral frequencies, and zero-crossing rate. We applied Principal 
Component Analysis (PCA) to reduce the features to 10 (retaining 90% 
of variance), and we used k-Means clustering with k = 3 (we also experi- 
mented with k = 2 and k = 4). Finally, we post-processed the result by delet- 
ing the clips too close to the boundaries between clusters. 


4.6 EVALUATION APPROACH 


This section outlines the approach we followed to assess the quality of the 
synthesized speech and the clarity of the emotion conditioning. We evalu- 
ated through a survey on a website we created specifically for this evalua- 
tion. The survey was composed of 12 questions, three for each considered 
emotion. 

The website displayed a button to play the audio clip associated with the 
question and displayed the corresponding transcription of the clip. Under 
each clip, human listeners could provide their opinion scores about speech 
quality and recognized emotion. We aggregated the evaluations into Mean 
Opinion Scores (MOSs) we reported and commented on in Section 4.7. 

To assess the quality of our model, we compared it against ground 
truth — real clips uttered by humans taken from the Blizzard Challenge 2013 
corpus - and a baseline TTS model. As a baseline expressive TTS, we opted 
for Tacotron 2 with pseudo-emotion labels. This system uses the clusters 
extracted from the set of reference clips as target labels to add expressiv- 
ity to the synthesized speech, conditioning the decoding on the identified 
style. We selected this model because it is based on Tacotron 2 and because it 
leverages a mechanism close to that of GST, which is considered state-of-the- 
art in terms of expressive TTS (the difference is that our approach applies 
the unsupervised step of clustering separately from the speech synthesis 
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training). Additionally, we considered it also because it leverages the same 
core architecture of EMOTRON, enabling a direct comparison between the 
pseudo-emotion clusters and actual emotion labels used for conditioning. 
To achieve the best results from EMOTRON, we leveraged the WaveNet 
vocoder to convert the Mel-spectrogram into a waveform. For better com- 
parison, we used the same vocoder for the baseline TTS with pseudo-labels. 


4.6.1 Speech Quality 

To assess the quality of the EMOTRON spectrogram predictor, we used the 

human listener’s MOS. We asked each listener to rate the quality of the audio 

clip on a 1-to-5 scale with a unit increment. The idea is to indirectly evalu- 

ate the quality of the spectrogram predictor by evaluating the audio quality. 
To help listeners in the evaluation, we provided the following explana- 

tion for the scoring system: 


1. Bad, unrecognizable speech. 

2. Poor, speech is barely recognizable. 

3. Fair, acceptable quality of speech, small errors allowed. 
4. Good, speech with proper pronunciation and quality. 


5. Excellent, perfect speech, sounds natural and expressive. 


4.6.2 Emotional Clarity 


To assess the quality of the EMOTRON emotion conditioning modules 
and the overall emotional clarity of the synthesized speech, we calculated 
the human listener's average emotion recognition accuracy. We asked the 
listeners to associate one of the four possible emotion labels to each clip: 
neutral, sad, angry, and happy. 

We synthesized EMOTRON's clips conditioning it on the target emo- 
tion expressed in a reference clip from the ground truth. The baseline TTS 
was conditioned on the emotional labels detected by the pseudo-emotional 
capturer. We used the same clips of the speech quality evaluation, includ- 
ing the ground truth. 


4.7 RESULTS 


We collected responses from 54 listeners during the three days the survey 
website was online. In the following, we report and comment on the final 


scores. 
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TABLE 4.1 Results of Human Evaluation of Speech Quality 


Speech Quality: MOS 


Neutral Sadness Anger Happiness Average Score 


Ground truth 4.50 4.75 4.20 4.60 4.53 
Tacotron 2 w/ pseudo-emo. 4.12 3.89 4.08 3.77 3.96 
EMOTRON 4.10 4.00 3.71 3.65 3.87 


4.7.1 Speech Quality 


We reported the MOS collected during the evaluation in Table 4.1. We 
reported the quality scores averaged emotion-wise and averaged on the 
entire support. 

Ground truth consistently outperforms both TTS models. This result 
is not surprising considering that these clips are actual human voice 
samples. Ground truth relative performances are 14.4 and 17.1% better 
than Tacotron 2 with GST and EMOTRON, respectively. Looking at the 
emotion-wise breakdown, we can see that the highest score was on 
“sadness” clips and the worst score on “anger” clips; yet, any single ground 
truth score is higher than any of the two TTS models. 

EMOTRON underperforms the baseline TTS in the audio quality eval- 
uation. However, the relative performance difference with respect to this 
baseline TTS is only -2.3%, meaning that the two systems deliver audio 
clips with very similar quality. Moreover, the spectrogram predictor is the 
same between the two models. This is probably due to the fact that the style 
conditioning system we developed affects audio quality independent of the 
target style. 


4.7.2 Emotional Clarity 


We reported the accuracy scores collected during the evaluation in 
Table 4.2. We also reported the clarity scores averaged emotion-wise and 
averaged on the entire support. 


TABLE 4.2 Results of Automatic Emotion Evaluation of Emotional Clarity 


Emotion Clarity: Recognition Accuracy (%) 


Neutral Sadness Anger Happiness Average Score 
Ground truth 89 78 63 80 78 
Tacotron 2 w/ pseudo-emo. 54 48 49 41 48 


EMOTRON 70 51 55 46 56 
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We leverage the listener's emotion recognition accuracy as a scoring 
function, as premised. If we consider the results on ground truth, accu- 
racy scores are similar to those of other works, where humans reported a 
recognition accuracy of ~70.0% [26]. 

Similar to speech quality, ground truth outperforms both TTS mod- 
els in emotional clarity. Ground truth relative performances are 62.5 
and 39.3% better than the baseline TTS and EMOTRON, respectively. 
Looking at the emotion-wise breakdown, we can see that the highest 
score was on “neutral” clips for all systems. Instead, the worst score is on 
“anger” clips for ground truth, while both TTS models perform worse on 
“happiness” clips. 

Unlike speech quality, EMOTRON outperforms the baseline TTS in the 
audio quality evaluation, and it does so by a consistent margin. The relative 
performance difference with respect to this baseline TTS is 16.7%. Since 
the two TTS models share the same spectrogram predictor architecture 
and were trained on similar datasets, we can hypothesize that the unsu- 
pervised model learnt by clustering the clips did not reflect the division 
among different emotions despite the selected features. To fully under- 
stand the reason behind this difference, an ablation study on the two net- 
works would be necessary. 


4.8 CONCLUSION 


In this chapter, we presented EMOTRON: a TTS with emotion condition- 
ing. EMOTRON builds on top of a well-known neural TTS architecture 
(Tacotron 2) to synthesize expressive speech. We extended the base archi- 
tecture to enhance the expressivity of the uttered text by training it to syn- 
thesize audio given an input text and the emotion to display. 

During training, we used a combination of Mel-spectrogram recon- 
struction and style losses; in this way, we enforced generative capabili- 
ties and emotion control on EMOTRON. We used the Mel-spectrogram 
reconstruction loss to have the model learn generative capabilities, 
together with the style loss to measure the distance between the enforced 
emotion and the desired one. We computed it through a separate neu- 
ral network designed to discriminate among emotions from speech. We 
used the style loss to have the model learn how to add expressivity in the 
synthesized speech. 

To assess the quality of our model, we resorted to human evaluation 
to measure speech quality and emotional clarity. In the evaluation, we 
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compared EMOTRON with natural human speech and another TTS for 
expressive speech built on the same architecture leveraged by EMOTRON. 
The baseline system uses pseudo-emotional labels learnt through clustering. 
Both TTS models performed worse than human speech in terms of syn- 
thesized audio quality and emotional clarity, thus leaving space for many 
improvements. Instead, the two TTS performed comparably in speech qual- 
ity (despite the baseline TTS being slightly better). EMOTRON, however, 
outperformed the baseline TTS by a consistent margin in terms of emo- 
tional clarity. This result highlighted that the use of unsupervised labels (as 
we did for the pseudo-emotional capturer), despite being useful in general, 
provided worse results than an approach based on supervised learning (like 
the one leveraged by EMOTRON) when such labels represent emotions. 


NOTES 


1. The implementation is available at: https://github.com/Sashorg/Emotional_ 
TTS-master 

2. A grapheme is “the smallest meaningful contrastive unit in a writing sys- 
tem.” In other words, it is a written symbol that represents a sound; it could 
be represented by a single letter or a sequence of letters, such “sh.” 

3. A phoneme is any of the perceptually distinct units of sound in a specified 
language that distinguish one word from another, for example “p,” “b, “d,” 
and “t” in the English words “pad,” “pat,” “bad,” and “bat.” 

4. http://gutenberg.org/ 

5. https://www.readbeyond.it/aeneas/ 
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5.1 INTRODUCTION 


In recent years, the spread of fake news has become a worldwide phe- 
nomenon, bringing instability in both social and political situations. 
The phenomenon is hard to control, and its origin can be traced back 
to the birth and expansion of digital social networks. The global inter- 
net provides for exceedingly fast dissemination of fake news, which 
resembles a tidal wave in its ability to reach and infiltrate any space. 
For even the most highly educated individuals, it has become a chal- 
lenge to assess the veracity of the articles that we read daily on our 
screens. 

Humans like to laugh. The cause of humor can be varied: from images 
and videos representing funny situations to sentences containing jokes 
and puns that are humorous by virtue of their wordplay or meaning. For 
a long time, researchers have tried to provide definitions and understand 
what generates humorous content and funny emotions. In this chapter we 
won't, however, try to model satire or sarcasm with rules or definitions; 
instead we will let a statistical model learn from a large number of written 
examples what is funny and what is not. 

To be more precise, the model developed in this chapter will be 
trained to tell apart what is real and what has been fabricated with 
the intent to make the reader laugh, or to manipulate the perception 
or emotion of the reader - in other words, to distinguish between 
real, satirical, and fake news. In addition to this classification task, we 
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perform a novel investigation in the use of techniques from eXplain- 
able Artificial Intelligence (xAI) for discovering word patterns and 
rhetorical figures that can be linked to the different types of content: 
fake, real, or sarcastical texts. 


5.1.1 Origins of Satire in Political Discourse 


Given that this work concerns satire, it is useful to discuss when the 
genre was born and how its characteristics have evolved over time. Many 
literary genres, such as tragedy and comedy, are considered to have orig- 
inated in ancient Greece, and this is also the case for satire, with the 
comic Aristophanes sometimes considered the progenitor of the genre. 
The origin of the word “satire” is quite different, with the term originat- 
ing in ancient Rome; as the author Quintilian stated in the Institutio 
Oratoria: satura quidem tota nostra est (satire is really totally ours). There 
are many theories about how the word came into use. The most accred- 
ited one associates the term with the expression Satura lanx, which in 
Latin indicates the mixed dish of first fruits of the earth destined for the 
gods. This leads the reader to identify satire as a sort of miscellanea, a 
text that was treating a lot of different arguments [1]. Roman satire is one 
of the first examples of what today we would call controversy. The objec- 
tives were precise and targeted, with disparate motivations, and there 
were not the same limitations as other genres: writers were free to fol- 
low their own style from beginning to end. Looking to Italian literature, 
satire first followed the model set by the Roman authors, but subsequent 
to the capture of Constantinople by Mohammed II, Hellenic-style intel- 
lectuals took refuge in the West and the Latin satirical genre merged 
with the Greek satirical drama. Satire became in a way more violent and 
aggressive than it was before, and this newborn mixture became the sat- 
ire that we love and practice today. 

Satire has always targeted specific people, due to their particu- 
lar behavior (e.g., abusive) or lifestyle (e.g., non-conforming to social 
norms). Over time, satire shifted its focus to politics, and in gen- 
eral, targeted people in authority. It became the voice of the people, 
an irreverent and irritating voice which highlights the contradic- 
tions of power and delineates its defects. Contemporary examples of 
political satire can be found on the Web in the form of satirical news 
sites, such as The Onion. Under the Italian jurisdiction, the Court of 
Cassation gave its own legal definition of satire in 2006, which seems 
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quite appropriate and self-explanatory, so we report its translation to 
English here: 


It is that manifestation of thought at times of the highest level that 
over time has taken on the task of “castigare ridendo mores,” or 
of indicating to the public opinion criticizable or execrable aspects 
of people, in order to obtain, through the aroused laughter, a final 
result of ethical, corrective that is towards good. 


—Prima sezione penale della Corte di Cassazione, 
sentenza n. 9246/2006 


This citation is remarkable in how concisely it explains satire with the 
Latin phrase castigare ridendo mores, which means “punish customs with 
laughter.” 


5.1.2 Satire vs. Fake News 


In the past, satire was widespread in the media that was available at the 
time: first newspapers and then television. In more recent times, with the 
spread of the internet, satire has also extended to this medium. Similar to 
what happens with all content on the internet, even satirical texts spread 
faster now than they did before. Moreover, the sources are no longer only 
newspapers, and news are no more interpreted only by journalists and 
experts, but also by people from all walks of life, occupations, and edu- 
cational levels [2]. Indeed, satire has become more pervasive in everyday 
life and as a consequence likely influences more the lives of people than 
in the past. 

At the same time, it is easy to understand how fake news has become 
a worrying and dangerous phenomenon. The speed of its diffusion has 
greatly increased, and therefore also its potential for damage [2]: From 
convincing people to seek incorrect or harmful medical treatment for 
their illness to spreading untruths about individuals that affect their pri- 
vate or political life. 

Thus, in this chapter, we decided to focus on detecting and distinguish- 
ing between satirical, fake, and real news. There are many cases where dis- 
tinguishing between these types of content is critical. For example, during 
times of emergency, like the pandemic, or climate crises, like a flood or 
earthquake, it could be important to see how satirical, fake, and real news 
subjects spread over the internet and affect the population. Alternatively, 
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certain individuals (e.g., politicians) or companies (especially retail ones) 
may need to understand how they are perceived online, which will depend 
on whether comments mentioning them are real, fake, or satirical. 


5.2 RELATED WORK 


We now discuss state-of-the-art text classification methods used for fake 
news and satire detection. We introduce and explain the model that we 
trained, followed by the methods that we used to obtain explanations for 
the predictions. 

As noted in [3], Natural Language Processing (NLP) techniques have 
evolved from Symbolic NLP, which used formal languages and set of rules 
together with dictionary lookups to classify text (struggling with the many 
ambiguities of natural language), to Statistical NLP, which used Machine 
Learning (ML) techniques and big corpora of text samples to over- 
come ambiguities, to Deep Learning NLP, which combines deep Neural 
Networks with massive quantities of data to immensely improve language 
prediction tasks. We follow the Deep Learning (DL) approach, making use 
of the standard BERT [4] models. 


5.2.1 Fake News and Satire Detection 


We distinguish among three types of content: 


+ Real news articles: text containing facts that can be verified to be true. 


+ Satirical news articles: text containing features such as sarcasm or 
irony in order to ridicule someone or something. In general, satiri- 
cal articles cause no harm, except perhaps if they are misunder- 
stood as true. 


+ Fake news articles: text in which false information is deliberately pre- 
sented as though it were true. Such misinformation can cause many 
problems, such as misleading voters to influence elections or provid- 
ing incorrect medical advice leading to harmful treatments. 


With regard to satire detection, most previous works have tried to dis- 
tinguish between real and sarcastic news. The techniques needed to cope 
with the fact that if the samples are divided by their sources, and each 
source provides only one type of content (either satirical or real), then the 
model tends to learn the style of the source, rather than generic indica- 
tors of satire. For example, in Rogoz et al. [5], the sources were split into 
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training and test sets, in order to verify the accuracy of the classifier with- 
out letting it simply overfit to a single source. Another way to overcome 
this issue was proposed in [6], and it consisted in building an adversarial 
component to detect the source. Some features, however, were overlapping 
between satire and source classification, suggesting that the two tasks are 
not completely independent. 

As for almost all tasks that are currently tackled with DL, also fake 
news detection was and has been approached with statistical methods 
and Machine Learning (ML). According to a recent survey [7], there are 
four common approaches for distinguishing between fake and real news: 
style-based techniques consider characteristics defining the style of the 
article, while source-based techniques assign credibility to each different 
source, knowledge-based approaches rate content by extracting claims and 
checking whether they are consistent with known facts, and finally prop- 
agation-based approaches measure characteristics of the diffusion of the 
information on the social network. 


5.2.2 Explainable Al Techniques 


Artificial Intelligence (AI) is a field of study which aims to augment 
machines with intelligence, itself a rather complex and not necessarily 
well-defined concept. ML aims to let machines learn from past experi- 
ence and adapt to their environment. ML algorithms that make predic- 
tions based on evidence can be seen as white boxes (if you can look inside 
them) or black boxes (if you only see the prediction). The purpose of XAI 
is to make prediction algorithms understandable by humans, by providing 
an explanation for each prediction that allows the user to understand why 
the model predicted as it did. 

The reasons for providing explanations are many. For applications of AI 
in healthcare, a practitioner may need an explanation for a disease predic- 
tion before they can believe the diagnosis, while a patient may need the 
explanation in order to comprehend a prognosis (or to change their behav- 
ior appropriately to reduce their risk). Similarly, in biology, the explana- 
tion of why an algorithm predicts a particular genetic condition might 
help a researcher in determining what genetic features are “responsible” 
for the result. 

For DL models, there exist a variety of different explanation methods 
depending on the prediction model used. For example, for Convolutional 
Neural Networks applied to images, Class Activation Maps (CAMs) are 
often used in order to show which part of the image contributed most to 
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the prediction [8]. An ideal explanation has three main features as noted 
in Ribeiro et al. [9]; it should be interpretable by the user, exhibit local fidel- 
ity explaining how the model behaves around the analyzed instance, and 
model-agnostic so as to produce explanations for any model. 

In this work, we use a gradient-based approach to produce saliency 
maps over text, as described in Nielsen et al. [10]. Before going deeper into 
these methods, we note that for neural networks, and specifically text clas- 
sification, perturbation-based methods also exist which modify the inputs 
and observe how the output changes, such as Lime [9]. The main problem 
with such techniques is the computational footprint compared to gradient- 
based methods. There exist a number of different gradient-based methods 
[11], with the general idea behind them is seeing how the changes in input 
affect the output. The one utilized for this chapter is an extension of the 
Saliency [12] method, called InputXGradient [13]. This method multiplies 
the gradient of the input by the size of the input embedding. 


5.2.3 Questions Addressed in This Study 


We focus on identification of sarcasm in shorter texts and on the use 
of multilingual models (since past approaches for this task were almost 
invariably monolingual). Building on this, we ask the following research 
questions: 


1. Is it possible, using modern tools, to correctly classify short sentences 
as satirical vs. non-satirical? 


2. Is it possible to build a classifier that works well across languages and 
cultures? 


3. Is the performance of a monolingual classifier always better than the 
multilingual one? 

Furthermore, it seemed interesting and valuable to apply explain- 
ability methods to the trained neural models, in order to observe and 
comment on which features had the biggest influence on the pre- 
dictions for our test samples. In particular, we decided to apply a 
gradient-based explainability method with our discriminative BERT 
models, even though they are generally applied with generative mod- 
els, like GPT-2 [14], resulting in another research question: 


4. Making use of gradient-based methods, is it possible to produce an 
explanation that is meaningful for the context and therefore build a 
tool that is human-interpretable and useful? 
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While investigating this, it was natural to look at the difference 
between sarcastic news and fake news. Fake news spreads on the 
internet due to the increasing number of platforms to post content 
on and the astonishing social connections between users, but they 
present some similarities in style and content with sarcastic articles 
or tweets, although the former are perhaps less popular. Hence, the 
final research questions that we added were: 


5. Is it possible, using modern tools, to correctly classify a text as fake, 
real, or satirical news? 


6. Is it possible to display clearly how the prediction was made by the 
model and which parts of the sentences were responsible for it, in 
order to identify and see patterns in words and phrases and to ana- 
lyze what linguistic features cause the model to make correct predic- 
tions or to miss satire (i.e., make a mistake)? 


5.3 METHODS 


Following on the discussion above regarding state-of-the-art techniques 
for modelling textual data, we focus on the use of Bidirectional Encoder 
Representations from Transformers (BERTs). However, with respect to 
many research projects making use of BERT for similar tasks, the elements 
of novelty in this work can be summarized as follows: 


+ Highly multilingual: The number of languages analyzed in this 
work is elevated and not common in other works. In fact, we fit 
the model using tweets in English, Italian, French, German, and 
Spanish. 


+ Distinction between real, satirical, and fake news: In most of the 
previous works, the main classification tasks undertaken were Satire 
vs. Fake or Fake vs. Real, so that the outcome was binary. 


+ Explainability with gradient methods: usually other methods for 
explanations are used in BERT, like non-negative matrix factoriza- 
tion. Here, we have used gradient-based methods, and the saliency 
maps that we build will be further used to identify textual patterns 
and do some error analysis. 


In the following sections, we briefly introduce the approach taken and 
the reasoning for the research questions posed. 
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5.3.1 Multilingual Satirical Text Classification with Transformers 


In order to tackle the first three research questions regarding multilin- 
gual classification of satirical vs. not-satirical text, we adopted a mul- 
tilingual BERT classifier, implemented in TensorFlow [15]. From the 
beginning, the intention was to build a multilingual dataset, which we 
collected from different sources reported in this section. One issue that 
arises from using a multisource dataset is the fact that the model could 
learn the features of the sources rather than the pattern of the irony, an 
aspect that will be discussed further later. The data gathering part was 
carried out after careful consideration of this problem. The intention was 
to try and build a multidomain dataset from several sources, while using 
as a test set a sample of tweets taken from sources that were not used in 
the training phase, as done by [5]. 


5.3.2 Three-Way Classification: Satirical vs. Fake vs. Real 


The next step of the work was including a different label for the model to be 
classified: concentrating on the English language, we prepared a new dataset 
in order to distinguish between fake, real and satirical news, trying as much 
as we could to differentiate sources and to enlarge the knowledge base of 
the model (data sources: see Tables 5.1 and 5.2). This task was approached 
both as regards long texts and as regards short texts, and we focused on the 
English language, due to the greater availability of data. 


TABLE 5.1 Twitter Sources Used for Training, Divided by Language 


Language Real News Sources Satirical News Sources 
Italian ANSA, Corriere della Sera Spinoza, Lercio 

English The New York Times, CNN The Onion, NewsThump 
French Le Figaro Charlie Hebdo 

Spanish EFE El Mundo Today 
German DPA Nebelspalter 


TABLE 5.2 Twitter Sources Used for Testing, Divided by Language 


Language Real News Sources Satirical News Sources 
Italian la Repubblica Kotiomkin 

English HuffPost The Daily Mash 
French Le Courrier Le Canard Enchainé 
Spanish EL PAIS El Jueves 


German SPIEGEL Eil Titanic 
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5.3.3 Gradient-Based Explanations 


The next research question asked whether by using a gradient-based 
method the learning process of the model could be explained and better 
understood by humans. We took inspiration from [16] to build a saliency 
map over input words that could show which were the most important 
words for each prediction. The theoretical concepts in this approach have 
been explained in Section 2.2 and here they will be depicted in simpler 
words. The steps of the process are: 


+ Take an input and obtain its embedding, by looking up its input IDs 
in the embedding matrix. 


e With respect to this input embedding, calculate the gradient of the 
loss for the prediction of the classifier. 


e A vector with the size of the input sequence is obtained, and every 
element has a different weight according to how much the word in 
the initial sequence has importance for the prediction. 


This kind of explanation method has primarily been used for explain- 
ing predictions from a GPT-2 model, but in this work, we use it to explain 
predictions from a BERT model. 


5.3.4 Interactive User Interface-Based Analysis 


To make the explanations available, a web application was built using 
Flask. The intention was to let users insert the text that they want to be 
classified, letting them choose the scope they prefer, and then give them 
back the prediction, if possible, the real label and the predicted one, and, 
moreover, the explanation about the prediction. 


5.4 EXPERIMENTS 


In this section, we detail the experiments performed to compare the per- 
formance of various classification models. We start with a binary short- 
text classifier, comparing a multilingual classifier with a monolingual one. 
After that, we consider the three-label classifier, still for short text, and 
finally we move on to assess the performance of the long text classifier for 
articles, also with three labels. 


5.4.1 Short-Text Classification 


As explained above, the first aim of this work was to distinguish between 
satirical and non-satirical short texts. We investigate Twitter data in 
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TABLE 5.3 Performance of Monolingual vs. Multilingual 
Tweet Classifier 


Model Precision Recall Accuracy 
Multilingual 0.77 0.80 0.79 
Monolingual 0.88 0.80 0.85 


particular but believe that the results should generalize to other types of 
short social media posts. We investigated whether a large multilingual 
dataset would provide the same level of performance as a smaller mono- 
lingual dataset, but as can be seen in the Table 5.3, precision was higher for 
the monolingual classifier. 

It seemed natural that a satire classifier should also be able to detect fake 
or tendentious tweets (i.e., those promoting an incorrect or controversial 
viewpoint). At first, we investigated adding an English fake news dataset 
to the multilingual tweet dataset, but the accuracy was low on the fake 
samples and the features that the model learned were biased towards the 
samples. So, we decided to switch to an English-only fake news dataset, 
obtaining better accuracy and better separation between these samples. 
Performances are shown in Figure 5.1. 

Looking at the confusion matrix in Figure 5.1, we see that fake and satir- 
ical news are more often confused with each other than with the real news. 
Accuracy was reasonable at around ~82%. As a test set for fake headlines, 
we used tweets from the dataset available in [17]. The analysis of the results 
will be explained in the remainder of this chapter. 


5.4.2 Long-Text Classification 


Classifiers trained on shorter texts are unlikely to generalize to longer 
texts, so we then investigated training and evaluating a classifier for longer 


Confusion matrix for tweet classifier 


- 3500 


REAL 


3000 
2500 


precision recall f1 score support 2000 


SATIRICAL 


1500 


REAL 0.84 0.88 0.86 4017 
SATIRICAL 0.78 0.76 0.77 3935 
FAKE 0.85 0.83 0.84 4745 să 1000 
ă 
accuracy 0.83 12697 500 
macro avg 0.82 9.82 0.82 12697 
weighted avg 0.82 9.83 0.82 12697 REAL SATIRICAL FAKE 


FIGURE 5.1 Validation performance (left) and confusion matrix (right) for short 
text classification of tweets. 
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article-length texts. The task was to classify long texts into the usual three 
labels (real, fake, satirical). The model was trained for 20 epochs, with 
a learning rate of 10° and a batch size of 8. With respect to the previ- 
ous models, more training time was necessary to obtain the same level 
of accuracy. This could be due to the article source being less significant, 
or because the texts are longer. The dataset was obtained by the following 
sources: 


+ Fake news came from a challenge on Kaggle! and regarded the 
American elections of 2016’. 


+ Real news was also taken from Kaggle? and consisted of articles listed 
on the website AllSides.com/unbiased-balanced-news, which were 
articles from different news sources over the time period: 31/05/2017 
to 19/02/2018. 


Looking at the confusion matrix for long texts in Figure 5.2, one can see 
that satirical samples were mostly confused with real samples, while almost 
none of them were confused with fake ones. Fake samples, meanwhile, were 
confused almost at the same rate with real and sarcastic ones. This suggests 
directions for future work, that will be discussed further later. 


5.4.3 Analyzing Common Failure Cases for Detecting Satire 

After training and evaluating the models, the next step was to try to under- 
stand why the predictions had that outcome and what are the main factors 
that the classifier considers. This task comprehends why the model makes 
a certain kind of mistakes, how overfitting (if present) is influencing the 
results, and to what extent satirical news and fake news are similar and 


Classifier confusion matrix 


REAL 


SATIRICAL 


precision recall f1 score support 


REAL 0.73 0.68 0.71 4061 
SATIRICAL 0,75 0.89 0.81 4830 
FAKE 0.84 0.70 0.76 3845 y 
g 
accuracy 0.77 12736 
macro avg 0.77 0.76 0.76 12736 
weighted avg 0.77 0.77 0.76 12736 REAL SATIRICAL FAKE 


FIGURE 5.2 Validation performance (left) and confusion matrix (right) for long 
text classification. 


108 m Machine Learning and Deep Learning in Natural Language Processing 


why it is so. As discussed previously, a gradient-based method for explain- 
ing the predictions was adopted. 


5.4.3.1 Irony, Temporal Aspects, and Subtlety 

In this section, we analyze the most common errors that the classifier 
makes and try to explain its behavior. We start with the short-text classi- 
fier and then we move on to the long-text classifier. 

For the short-text classifier, to compute reliable metrics for the evalua- 
tion of the performance, we made use of a different dataset (from the train- 
ing set) called TWITTIRO [18], which was made up of Italian tweets from 
three different sources. Given these input data (which are around 1400 
samples) we assess the performance of the model on these new tweets. 
These tests were performed using the model trained on the multilingual 
dataset. Some interesting points were found: 


1. The majority of the tweets in the dataset were correctly classified, 
resulting in high accuracy. This is a good indicator of the fact that 
the model could recognize satire even when composed of irony in 
most cases. 


2. The misclassified samples were either specifically related to a political 
setting, or not explicitly satirical/ironic. It should be noted that the 
tweets in TWITTIRO were a few years older than the ones on which 
we trained the model, and thus the model likely had not seen refer- 
ences to certain individuals from the past. 


3. Other examples were not recognized as satire because the humor was 
simply too subtle, or it required a deeper base of knowledge about 
specific aspects. 


5.4.3.2 Missing Domain Knowledge 
Consider this tweet which was misclassified by the model with high confi- 
dence (~87%) for the incorrect class: 


(IT) Schettino fa campagna elettorale per il Pd. Gli hanno dato i servizi 
sociali. 


(EN) Schettino campaigns for PD. They gave him social services. 


In order to understand the tweet, one would need to know that Francesco 
Schettino was the captain of a capsized cruise ship Costa Concordia, who 
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was sent to prison for manslaughter and abandoning the ship with passen- 
gers still on board. Thus, it is both impossible and absurd that he would be 
campaigning for a social services portfolio in the Italian parliament. Based 
on this example, one might conjecture that the model needs access to a 
knowledge base of some sort to classify texts that are tightly linked with 
the current political situation. 

Thus, we investigated the performance on more recent tweets taken 
from the satirical feed, twitter.com/Kotiomkin. We used the model to pre- 
dict a sample that refers to a quite recent event, in order to see if the knowl- 
edge base was better for recent tweets. 


(IT) Con Draghi la notte tra il 27 e il 28 potremo stare unora in meno in 
casa. Con Conte chissă cosa sarebbe successo #oralegale 


(EN) With Draghi the night between 27 and 28 we will be able to stay at 
home an hour less. With Conte who knows what would have happened 
#legalhour 


This tweet refers to the fact that Draghi and Conte were recent prime 
ministers of Italy, and that Conte was known for having issued many presi- 
dential decrees restricting freedoms due to COVID-19 during his tenure. 
The tweet was correctly classified as satire, although the model had a very 
low confidence of 56%. 


5.4.3.3 Use of Professional Language and the First Person 
The samples that were written in a news-like style were not recognized as 
sarcasm, such as: 


(IT) Risultati provvisori elezioni tedesche: Spd 26,2% Cdu/Csu 24,7% 
Verdi 14,1% Fdp 11,5% Afd 10,6% Die Linke 5% Germania Viva 2%. 


(EN) Provisional results of German elections: Spd 26.2% Cdu/Csu 
24.7% Green 14.1% Fdp 11.5% Afd 10.6% Die Linke 5% Germany 
Viva 2%. 


The element of humor in this tweet comes from the insertion of the 
non-existent party “Germania Viva” with poor standing in the results 
of the German election. The aim here is to ridicule the real Italian party 
“Italia Viva.” This tweet was misclassified by the model, with the most 
likely reason being that in our training set there were tweets from ANSA* 
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that are written in a dry and precise style, like this one, and that make the 
satire more subtle and difficult to recognize. 


(IT) Bella e commovente telefonata di Draghi a tutti gli atleti medagliati: 
“Avete gid pensato a come investire i soldi del premio?” 


(EN) Beautiful and moving phone call from Draghi to all medalized ath- 
letes: “Have you already thought about how to invest the prize money?” 


The pun in this sentence is that Prime Minister Draghi was formerly the 
head of the European Central Bank. This previous tweet was also misclas- 
sified by the model. We chose to display it because it mimicked the style 
of another source in our training dataset, I] Corriere della Sera, and so the 
model interpreted it differently. 

The model also confused tweets that are written in the first person. This 
could be explained by the fact that: 


1. In our dataset, satirical sources are mostly written in the first person. 


2. On the other hand, these tweets have no content that is usually found 
in that collection. 


Therefore, the model struggles to balance these two reasons and pre- 
dicts wrongly as a consequence. 

After evaluating all the previous considerations, we can summarize the 
common characteristics of the tweets that the model mostly classifies as 
Real, when instead they are Satirical: 


e They are short, concise, and dry. 


e The knowledge base of the model should help in recognizing the 
theme of the tweet, so the tweet shouldn’t be too new or too old. 


e Sarcasm should not be too subtle, but quite explicit; otherwise, samples 
could be misclassified, or correctly classified with a very low confidence. 


Moving on, we repeated this investigation with a source of real tweets, 
la Repubblica, and obtained similar observations: 


e Tweets written in a style similar to tweets from satirical sources were 
mostly misclassified. 


e Tweets outside the knowledge base of the model can be misclassified, 
with a very low confidence. 
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A portion of these results were similar to the ones we found in the satir- 
ical experiments. 

To check if the conclusions we had drawn were correct, we took the 
worst predictions of the classifier and observed whether they could be put 
in one of these case studies; we didn’t care about the language this time. 
This was also done to see if, in our limited knowledge about languages dif- 
ferent from our mother tongue (Italian), the conclusion could be extended. 


(EN) Officially recognized as a national park in 1994, Joshua Tree 
obtained protected status after dedicated conservationists realized the 
area was in grave danger of hosting a future EDM festival. 


(EN) Consumer Reports has rated the Onion Store the 1 place to buy 
Onion merch in America. 


The two English tweets above are dry and concise, and to know that 
they are satirical our model should be aware of what an EDM festival is (a 
dance festival), for the former, and what The Onion is (a satirical website), 
for the latter. Hence, this is exactly what we had supposed before. 


5.4.3.4 Monolingual (English Only) Short-Text Classifier 

We tested our English social media classifier on some of the most shared 
fake news in 2019 that we found on the internet. The results are shown in 
Table 5.4, and we can draw some conclusions about them. 


+ This kind of behavior can have the following explanations: 


e In our dataset, fake news was represented by the titles of the Fake 
long texts. So, they were on average shorter than the tweets. This led 
the model to recognize shorter texts as an example of fake news. In 
fact, if we look at the third example in 4, it was longer and more 
detailed, and it was recognized as Real. 


e The satirical sources used in this task for the English dataset were 
both of the English sources that we used in training: NewsThump 
and The Onion. None of these tweets were similar to their style, so 
none of them were recognized as satire. 


e It is important to underline that, since these are all examples con- 
temporary to the fake examples of our dataset (or almost all), the 
knowledge base of the model is sufficient. 
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TABLE 5.4 English Social Media Classifier, with Examples Taken from the Test Set 


Text Label Predicted 
Joe Biden Calls Trump Supporters Dregs of Society Fake Fake 
NYC coroner who declared the death of Jeffrey Epstein a suicide Fake Real 
made half-a-million dollars a year working for the Clinton 
Foundation until 2015 


Tim Allen quote Trump’s wall costs less than the Obamacare website Fake Fake 


Democrats Vote To Enhance Med Care for Illegals Now, Vote Down Fake Fake 
Vets Waiting 10 Years for Same Service 


BREAKING: Nancy Pelosi's Son Was Exec At Gas Company That Fake Satire 
Did Business In Ukraine 


Ilhan Omar Holding Secret Fundraisers With Islamic Groups Tied Fake Fake 
to Terror 


Trump Is Now Trying To Get Mike Pence Impeached Fake Fake 
AOC proposed a motorcycle ban Fake Satirical 


Nancy Pelosi diverting Social Security money for the impeachment Fake Fake 
inquiry 


Trumps grandfather was a pimp and tax evader; his father a Fake Real 
member of the KKK 


We show the text next to the real label and the predicted one. 


In addition, we performed an error analysis for an English-only model 
on the English test set. We used tweets, from twitter.com/thedailymash, 
that we had not used in training. It is interesting to highlight that we 
performed an error analysis on these same English tweets on the multi- 
lingual classifier, and we will see how the errors change, and to confirm 
furthermore that the conclusions of previous sections were good also for 
this language. In this analysis, we observed a few patterns that are worth 
mentioning: 


+ The Daily Mash and The Onion, that were in our training dataset, 
have a quite similar style. So, the majority of tweets were correctly 
recognized. 


+ When satire is too subtle, or not related to a political event in the 
knowledge base of the model, it is not recognized. An example of 
this is: 

(EN) Couples lower their standards enough to marry each other. 
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This was classified as Fake, and with a low confidence: ~38%. This means 
that the style of this sample was between Satirical and Fake, and the model 
got confused. On the other hand, in the multilingual model, this was cor- 
rectly classified but with a very low confidence. 

Another example of this is: 


(EN) Every female organism on earth to get divorced after hearing Adele’s 
new song. 
Where the style is similar to the one used by CNN, even the tweets 
that were clearly Satirical are labeled as Real. In the multilingual 
model instead, this was classified as satire. 


(EN) Man shifts from gentle liberal to angry selfish b**** within seconds 
of getting in the car. 
Lastly, this one above was misclassified by both models. 


+ The model struggles when dealing with tweets written in the 
first person. 


(EN) Im Anna, I'm happy to live in Milan. 
Using the different classifiers, these tweets were every time classi- 
fied as Satirical. 


5.4.3.5 Overfitting on Vocabulary 

Analyzing erroneous predictions, we noticed that tweets regarding some 
particular people, or subjects, were classified by the model as ironic in 
most cases. We can see a clear example of a non-ironic tweet discussing 
the actions of the regional president of Liguria Giovanni Toti: 


Toti fa gli auguri agli uomini che indossano la divisa della Polizia di Stato 
(EN)Toti greets the men wearing the uniform of the State Police 
Here removing the term “Toti” from the tweet results in the model’s 
prediction changing from satirical to real: 


fa gli auguri agli uomini che indossano la divisa della Polizia di Stato 


(EN)He/She greets the men wearing the uniform of the State Police 
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The first tweet is not ironic, though it is classified as so, while the second 
was correctly classified. The word “Toti,” as shown by the saliency map, 
pushes the model to make the wrong prediction. Another example of this 
issue is illustrated below. The following tweet which was invented by the 
authors as a synthetic example of a non-sarcastic tweet. 

From this tweet we tried to cut out the most important word difficolta 
and substitute it with problema. As can be seen, the sentence is predicted 
to be satirical: 


[loreen pasă AA FE von ES 8 


(EN) The green pass will not be a problem in the end 


So, we made up another tweet: 
| topi a Roma! (BIBI un B 


(EN) The mice in Rome: it will be a problem 


Where it can be easily seen that the word “problem” is probably caus- 
ing the issue. So, it seems that the model recognizes irony based on the 
keywords alone. 

For the long-text classifier, a suspicion came to mind, and we took 
one of the latest articles from The Onion, that was not in the training 
dataset: 


LITTLE ROCK, AR—Noting the experienced hand with which she 
was able to put together a touching remembrance, family members 
confirmed Friday that area woman Dianne Melfi was getting pretty 
good at planning funerals. “At this point Mom is really in a groove 
when it comes to end of life arrangements—she’s already done price 
comparisons of nearby funeral homes to get the best rate and she’s 
memorized a half-dozen solid casserole recipes to feed the mourn- 
ers with,” said son Steve Melfi, 35, telling reporters that his mom 
was able to throw together a poignant slideshow of photos of the 
deceased with their family as though it was second nature. 


This was correctly classified, also with a very high confidence, almost 
88%. How could this be? The explanation is simple. The Onion was the 
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source most present in our dataset, so the model had learned well the 
style of this source. 

Looking at the confidence matrix, we wanted to see if real news about a 
difficult topic (one about which satirical articles are often written) could be 
confused by the model. We tried this extract from CNN politics: 


In Tuesday’s elections, Republican candidates surged in blue 
states, cities rejected major police reform and suburban voters 
showed their independence. The major takeaways? This is a 
more moderate and centrist country than activists on either the 
right or left let on, and Donald Trump fever may be breaking. 
The system is working. Here’s one thing everybody can be happy 
about: The election results, for the most part, are not being ques- 
tioned. That may have a lot to do with Republicans doing well. 
But the results should prove to them that Trump’s voter fraud 
myth is in fact a myth. 


The style of this text is quite similar to some sarcastic sources that we 
have in our training dataset, like The Onion, and moreover, it talks about 
Trump. So, the model classifies it as Fake, and it shouldn't. 


5.4.4 Analyzing Saliency-Map—Based Explanations 


We now discuss visual explanations produced using saliency maps, which 
associate to each input token an importance value in the range between 
0 and 1. We show this importance by highlighting words in the sentence, 
where a darker color indicates higher importance. We make use of three 
colors to indicate the predicted class: green for real, red for fake, and blue 
for satirical (see Figure 5.3). 


For me, it was a shoe. One missing shoe. Honestly, it wasn’t even a great shoe, just one 
that | wear to walk the dog. But it was gone. Apparently to the same place all the solitary 
socks have gone, up there in footwear heaven. And, really, after the two years that we'd 
had, one would be forge for expecting me to roll right on through that. After all, | am a 
pandemic survivor.But instead, | sat on the bottom step and cried. These past two years 
have pushed us to our limits and, at times, beyond. We have lived in an environment of 
constant and invisible threat. That Sense of threat triggers the system. The limbic 
system is awesome: it conveys information to us without it having to take the long route 
through the more sophisticated parts of our brain. That means that we can react to things 
in an instant= that old gut feeling. 


FIGURE 5.3 Saliency map for the long text. 
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For the latter question, we took from Snopes.com the link of this article 
from The Daily Exposé that was clearly fake: 


Australians are currently living under one of the strictest dictatorial 
regimes in the world and now they are coming for the children. The 
Premier of New South Wales has acknowledged that without dramat- 
ically lower case numbers, even opening up at 80% vaccination rates 
will be difficult, as hopes of a lighter lockdown beyond August fade, 
and Brad Hazzard the Minister for Health and Medical Research has 
now told parents in a press conference that 24,000 children will be 
herded like cattle into a stadium to get the experimental Covid-19 
vaccine, and parents will not allowed to be present. 


This was predicted as real. It is easy to spot why. The style is clear and 
concise, and the model is still out of its knowledge base. So, the model 
recognizes it as an example of its “real” set of samples and classifies it 
consequently. 


5.4.4.1 Humor through Hyperbole, Antithesis, and Alliteration 

In the following, we will look at some of the saliency maps we obtained using 
a gradient explanation method for the Italian tweets, hoping to find some 
patterns in words and some rhetorical figures to be recognized. They can be 
read as follows: the darker words are the most important for the prediction; 
as the color fades, the importance of the word diminishes. Looking at these 
maps, we found that some rhetorical figures are recognized more than oth- 
ers. As an example, in the first tweet we have a hyperbole: 


|AgGiUlge! multe a tutto spiano! Andre empre Ge% Super? Mario Monti ROH 
decida di Ere BBB quelle! 


(EN) I add: full blown fines! We will go on batteries, unless #Super Mario 
#Monti decides to tax those too! 


While in the second tweet, two words with a different sentiment together 
lead to a darker saliency map: 


be Bio ancoră Bara HBO VERN BGs 


chenBiiăătiglladitenzi 


(EN) If I hear the word merit again I vomit #thegoodschool 
#thatitsnottheoneofrenzi 
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In the next tweet, the repetition of the letter ‘s’ contributes to the predic- 
tion of the model. In particular, the first repetition of letter ‘s’ are not so 
important, while the ones after the full stop “ are: 


Bambini scafo lla sabbiă e ovana Ble EMi ci ARMA. 
Ma Bald se li Baest bene! 


(EN) Children dig in the sand and find two kilos of marijuana. But only 
if you train them well. 


In this other tweet instead, there is a particular kind of rhetorical figure 
that is called antithesis. In fact, the figure of Mario Monti, Italian econo- 
mist and politician, is opposed to that of Chuck Norris, an actor. The inter- 
esting thing to see is that the word Mario Monti seems to be important 
for the prediction, and Chuck Norris, an actor who is ridiculed for being 
invincible in battle, not in the knowledge base (or not in the same measure 
as the former) is less important, but not completely insignificant. 


Ma parche! BEBE Varia Monti quando ci sarebbe Chuck Mome 


(EN) Why should we choose Mario Monti when we could have Chuck Norris? 


Another experiment we wanted to do was with a list of examples of 
rhetorical figures, in order to see which ones were recognized by the model 
and which were not. The first one here is the alliteration, repetition of the 
same sounds at the beginning or within words. An example was: 


eae 


(EN) Make fire and flames 


The repetition that can be seen here is of the letter €f””” As you can see, 
the more the model sees it, the more it becomes important. A figure that 
is very often used in satire is the anaphora, repeating the same word at the 
beginning of different parts of the sentence. We took a famous example, 
from I Promessi Sposi, a novel by Alessandro Manzoni: 


Don Abbondio Stava su una vecchia Seggidla, rna in una vecchia Amara con in 
una Vecchia Paápálina. 


(EN)Don Abbondio was in an old chair, wrapped in an old cloak, with an 
old skullcap on his head. 
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The first two “vecchia” words are less important than the last one, so 
this means that the repetitions are seen, but not right away, at least after 
the second word. Then, we analyze the “sister” of this rhetorical figure, the 
epiphora, in which the repetition was put at the end of different parts of 
the sentence. 


Due persone che sentono di essere la stessa persona si amano, due persone che 
progettano lo stesso futuro si amano 


(EN): Two people who feel they are the same person love each other, two 
people who plan the same future love each other 


This also was not recognized as satire by the model. We consider it as a 
first hint of the conclusion of this section: if the style of the tweet is like the 
one we observed in the Error Analysis section, or the content is its knowl- 
edge base, then the rhetorical figure helps the prediction. Otherwise, that 
alone is not sufficient to make the model categorize the tweet as satire. This 
is an expected behavior. 

Regarding the tweets we analyzed, during the exploration of data we 
saw that a lot of them have anaphora, so the one with Don Abbondio is 
explained. On the other hand, the word “amano” was evidently out of the 
knowledge of satire of the model, as the style of that text, and so it was clas- 
sified as not satire. The alliteration is used in a lot of satirical tweets, and so 
the model classified them as satire. 


5.4.4.2 Analyzing Part-of-Speech Tags 


Another experiment that we performed is to look at the average explain- 
ability retained by each Part-of-Speech* (POS) in a sentence. To do so, 
we took our multilingual classifier, and we used it to predict a number of 
tweets from the Kotiomkin dataset and from TWITTIRO. Together with 
predicting and computing the explainability for each word, we used the 
POS tagging method available in Spacye to get the POS tag of each word. 
We collected the results, computed the average importance of each tag, 
divided by correct and wrong classification, and the results are shown in 
Figures 5.4-5.6. 

By looking at these figures, we first observe a difference in most impor- 
tant POS tags across the two sources, as ulterior evidence that the writing 
style matters in the detection and classification of satire. Then, another fea- 
ture that appears from the figures is that while in the TWITTIRO dataset 
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Average Saliency for POS and Label (Twittiro dataset) 
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FIGURE 5.4 Average saliency values for each POS in TWITTIRO. The black bars 
indicate standard errors. 


Average Saliency for POS and Label (Kotiomkin dataset) 
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FIGURE 5.5 Average saliency values for each POS Kotiomkin datasets. The black 
bars indicate standard errors. 
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Average Saliency for POS and Label (La Repubblica dataset) 
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FIGURE 5.6 Average salience values for each POS in la Repubblica dataset. The 
black bars indicate standard errors. 


the ranking of POS tags is similar both for correct and incorrect labels; in 
the Kotiomkin dataset, we observe a higher difference (highlighted in blue 
and orange). 

We did the same analysis for some tweets in a real dataset, from Agenzia 
ANSA, and we observed the result in Figures 5.4-5.6. Some conclusions can 
be drawn after looking at all three images. As you can see these Figures, 
PROPN (proper name) and ADJ (adjective) seem to be quite important in 
predicting the Kotiomkin and TWITTIRO samples. On the other hand, 
in ANSA samples, it seems that NOUN and VERB play a more important 
role than PROPN: in fact, it seems that in this context PROPN gets the 
model confused. ADJ seems to be still important. So, in conclusion, the 
model seems to be learning that the structure: PRON-VERB-ADV is char- 
acteristic of REAL texts, while the other structure: ADJ-PROPN-NOUN is 
characteristic of SATIRICAL texts. 

So, probably in our dataset the ironical tweets contained more proper 
nouns than the real ones, as it is easy to imagine. Also, it seems reasonable 
to think satirical tweets are written in a more personal way. Therefore, they 
are more foul-mouthed, ignoring the traditional structures of the sentence 
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which, instead, would be more correct from a syntactic point of view, and 
that in fact is followed more by the real tweets, since we use official sources 
such as newspapers or news agencies. 


5.5 CONCLUSIONS 


We return to discuss the main research questions guiding our work. The 
first questions that we started from were: 


1. Is it possible, using modern tools, to correctly classify short sentences 
as satirical? 


2. Is it possible to build a classifier that is generalized enough so as to 
minimize errors in prediction and overcome the differences across 
languages and cultures? 


3. Is the performance of a monolingual classifier better with respect to 
the performance of a multilingual one? 

These three questions can be answered together. In fact, with all 
of our experiments and study, we can definitely answer that as: yes, 
it is possible to correctly classify a short sentence as satirical, and 
this in a way answers the second question too. The problem is that 
overcoming cultural differences seems to be, after our work, slightly 
more difficult. One could also say that at least some knowledge about 
the language, or similar languages, that we want to classify must be 
included. Other samples were not recognized correctly, even if the 
language had been included in the training set. We think it might 
be because of their content, which wasn’t contemporary (perhaps 
too old or too new) with respect to the content that the model had 
learned on. Therefore, as future directions, we suggest the following: 


e Include the language that you want to perform the classification 
on at least in the training set, taking care that the samples are 
meaningful and significant. 


e If this is not possible, or perhaps not wanted, choose some other 
language that is similar in syntax or in culture. 


e Include samples that are old and new, in order to span the highest 
possible number of subjects and let the model learn well to generalize. 


The next question to be analyzed is: 
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4. Making use of gradient-based methods, is it possible to produce an 
explanation that is right for the context and therefore build a tool 
that is human-interpretable and useful? 

We adapted an existing method of explanation to better under- 
stand how our model worked, and the results were quite satisfying. 
Most of the previous works in classification similar to ours did not 
use the gradient method, but at the end we were satisfied with the 
results. Hence, we were able to answer positively to the question, that 
is, such methods can be used to better understand how the model 
works. As a future direction, one could include: 


e Other methods for the explanation, still based on gradients, like 
the Integrated-Gradients method. 


+ Completely different methods, based on attention or neurons. 


Once one does that, the different methods can be compared to see 
which one better captures the model learning process. 


5. Is it possible, using modern tools, to correctly classify a text as fake, 
real, or satirical news? 


6. Is it possible to display clearly how the prediction was made by the 
model and which parts of the sentences were responsible for it, in 
order to identify and see patterns in words and phrases and to ana- 
lyze what linguistic features let the model make a mistake? 


The fifth question moves us onto the second big direction of this work. The 
answer, as one could have understood at this point, is positive, but with some 
limitations. In fact, one big issue is related to the nature of fake news. Collecting 
fake news has been the real issue of this task. Thus, to make a study like this 
more significant and complete, one should rely on fact-checking researchers, 
or include in the dataset just news that have been classified as Fake not only 
by a single expert, or source, but by multiple ones, in order to be completely 
sure about the fact that this particular piece of news is unreliable, and so 
adopt more of a knowledge-based approach. Moreover, one could argue that 
someone, for political reasons, can label some texts as Fake when they actu- 
ally aren't. This is outside the scope of this work, but our personal take is 
that it is high time that an external regulating organ (like the UN) rate the 
worthiness of news articles, due to their dangerous influence over popula- 
tions and their extreme ease of dissemination. 

Another issue is the fact that, very often, the styles of satirical and fake 
news overlap. As a future direction, this can be overcome easily by trying 
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to select different kinds of satirical and fake articles, in order to include as 
many styles as possible in the training dataset and let the model learn bet- 
ter. Concerning the sixth and last question, in previous chapters we have 
shown that the saliency maps and the explainability metrics helped us in 
observing patterns in words and phrases. Style was shown to be impor- 
tant in this kind of analysis, and also some patterns, repetitions of words 
and rhetorical figures were correctly recognized by the model. However, 
one could implement an automatic tool that analyzes a high number of 
sources and selects the most confident prediction of the model, show- 
ing the saliency maps of this. Also, in this work we focused primarily on 
Italian tweets for searching word patterns: in order to have a more compre- 
hensive analysis, one could repeat the same study procedure in the other 
languages, like English, Spanish, French, and German, to detect which 
patterns of which language are captured by the model, and then do the 
explainability analysis for each of these languages. 


NOTES 


1. https://www.kaggle.com/ekatra/fake-or-real-news/version/1 
2. https://www.kdnuggets.com/2017/04/machine-learning-fake-news-accuracy. 
html 

. https://www.kaggle.com/clmentbisaillon/fake-and-real-news-dataset 

. http://www.ansa.it 

5. Part-of-Speech (POS) tagging is the process of marking up a word in a text 
(corpus) as corresponding to a particular part of speech, based on both its 
definition and its context. 

6. http://spacy.io 
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6.1 INTRODUCTION 


The phenomenon of fake news, involving the publishing of apparently 
real but actually false or misleading information, has been a plague on 
the Internet since the latter’s creation. However, the worrying scale that 
the phenomenon has reached recently, combined with its mounting 
effects on the political discourse, is causing renewed concerns among 
the public!. Fighting this issue is, unfortunately, very difficult. With 
billions of posts and tweets shared online every day, fact checkers and 
journalists are at a disadvantage and it is becoming clear that, with- 
out the use of automated tools, it will be impossible to target online 
misinformation effectively. Fortunately, thanks to advances in the field 
of automated text classification, it is now conceivable to build systems 
capable of analyzing large quantities of text and automatically flagging 
those that may contain false or misleading information. In this chap- 
ter, we propose a new design and prototype for such a tool, providing 


empirical evidence supporting the approach, and presenting new strat- 
egies on how to employ Artificial Intelligence (AD) to detect fake news 
and assist fact checkers. 
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6.1.1 Beyond Fake vs. Real 


Despite the exceptional achievements of the latest text classification tech- 
nology and numerous studies produced on the subject of fake news detec- 
tion (discussed below), we are still far from an effective and comprehensive 
solution for automatically detecting fake news. We argue that one of the 
main causes of this delay is the way researchers have been approaching the 
problem, focusing their attention on comparing “false news” against “real 
information.” This strategy, common to data classification problems, lacks 
a holistic view of the phenomenon of fake news, since it disregards the 
subtle differences that exist between different types of fake news and the 
way they spread online. Thus, the first purpose of this chapter is to propose 
a new, more complex classification of online content, that goes beyond 
the binary distinction of “fake” vs. “real” news. We will then show that, 
using technology available today, it is possible to build an automatic clas- 
sifier using such a taxonomy, presenting a prototype called fastidiouscity?. 


6.2 RELATED WORK 


Before describing our contributions, we present an overview of the exist- 
ing literature in the field of automated fake news detection. 


6.2.1 Defining Fake News 


When developing fake news detection systems, the first issue to address 
is to define an appropriate set of labels to classify the items. The concept 
of fake news is somewhat vague with experts and researchers yet to find a 
common agreement on its definition. Most papers have tried to deal with 
the problem by copying the approach of fact checkers, who define news 
based on how truthful their content is. This is usually implemented through 
the use of truth scales, or through a straightforward true/false approach. 
This is limiting, as it does not consider issues like misleading writing or 
biased reporting. Other papers, like Nakamura, Levy, and Wang (2019) 
and Molina et al. (2019), have tried classifying news based on why they 
are considered fake, for example using categories such as “misleading” or 
“imposter content.” Another innovative approach, presented in Tandoc, 
Lim, and Ling (2017), used a two-dimensional classification, evaluating 
separately an article’s factuality from its intention to deceive. Despite these 
efforts, none of the approaches has thus far achieved the goal of being both 
complex enough to capture most variations in fake news while at the same 
time simple enough to be employed in a classification context. 
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6.2.2 Fake News Detection 


While there are many papers and researches focusing on how to fight fake 
news using Al, most of the proposed techniques can be divided into four 
categories: 


+ Knowledge-based techniques try to replicate the process of fact check- 
ing in an automated way. Their goal is to produce a system that can 
understand the content of a text, evaluating its truthfulness against 
a database of known information. This approach, while simple in 
theory, faces several practical limitations. Maintaining a constantly 
updated database of truthful information is extremely expensive, if 
feasible at all, and confronting it against thousands of texts automati- 
cally is complex even for modern technologies. 


e Style-based techniques analyze how texts are written to determine 
whether they might be fake news. This can be coupled with the anal- 
ysis of attached multimedia content in what is called multimodal 
fake news detection. This approach, to a certain extent, overcomes 
the issues of knowledge-based systems, and can be easily scaled, as it 
does not require expensive infrastructure to be maintained. However, 
its applications in real-world scenarios suffer from low accuracy and 
can be eluded by publishers who manipulate their writing style spe- 
cifically to avoid detection. 


+ Propagation-based techniques assume, confirmed by various stud- 
ies (e.g., Vosoughi, Roy, and Aral 2018), that fake and truthful news 
spread in fundamentally different ways. Many papers have proposed 
strategies to exploit this phenomenon, showing interesting results 
(e.g., Zhou and Zafarani 2019). The main drawback of this approach 
is that it is effective in recognizing fake news only after it has spread, 
giving it time to reach users and cause damage before it can be 
stopped. 


e Source-based techniques focus on a news articles source, rather 
than its content, to determine its credibility. As shown in Horne, 
Norregaard, and Adali (2019), there is a clear distinction in how news 
publishers behave on social media, making it easy to detect suspicious 
sources. It is also effective to look at the users who spread a particular 
news, since fake news is often generated and spread by bots (Cai, Li, 
and Zeng 2017; Shao et al. 2018). Blocking malicious publishers and 
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users could therefore be beneficial to the quality of online news con- 
tent. However, marking news as reliable/unreliable depending solely 
on who created or shared the item could raise serious ethical con- 
cerns that should be evaluated before releasing a detection system. 


For a more in-depth analysis of fake news detection techniques, we sug- 
gest Zhou and Zafarani (2018). 


6.3 METHODS 


We now describe the methods developed and used in our work, namely a 
new taxonomy for real and fake news and a multilayer classification model. 


6.3.1 New Taxonomy 


As explained in the previous sections, labelling online news is a complex 
task, balancing between the nuances of the field and the limits of tech- 
nology. In this chapter, we propose a new taxonomy for online content 
that, by abandoning the one-dimensional approach in favour of a multi- 
layered one, splits the original problem of fake news detection into a series 
of smaller tasks, providing a classification that is both accurate and easy 
to implement. 

The first layer of our taxonomy divides content into one of four catego- 
ries, filtering newsworthy material: 


e News: content of public interest, described in an objective manner. 


e Opinions: content of public interest, but with the main purpose of 
expressing the writer's point of view on a subject. 


+ Personal posts: content that deals with people's private lives and is 
mostly inconsequential to the reader’s perspective on the world. 


+ Memes: a meme can be defined as a multimedia content that has been 
modified in an evident way before being shared again. A memeis dis- 
tinguishable from any kind of news content, but, precisely because 
of that, they have been shown to be an effective propaganda tool 
(Nieubuurt 2021). 


The first layer of classification (Figure 6.1) allows us to discard most 
social media content, filtering out all personal content. In addition, since 
we wanted to focus on text (rather than image/video) classification 
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WHAT TYPE OF CONTENT? 


NEWS OPINION PERSONAL MEME 


FIGURE 6.1 The first level of the classification. 


technologies, we decided not to analyze further the memes category. 
Therefore, in the following steps we focus on the remaining categories: 
news and opinions, subdividing them as shown in Figures 6.2 and 6.3, 


respectively. 
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FIGURE 6.2 Classification of news in our taxonomy. 
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FIGURE 6.3 Classification of opinions in our taxonomy. 
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6.3.1.1 Subfield: News 
We begin by dividing the news category based on the publishing source: 


+ Large media publishers: characterized by good quality of writing and 
large audiences. These sources are usually reliable. 


+ Common users: they have low following and relatively poor writing 
skills. They can report truthful news (citizen reporting), but they are 
mostly untrustworthy. 


e Satirical publishers: their purpose is to mock the political establish- 
ment and are easy to recognize by the average reader. 


The next division is based on factuality (satirical content is not included, 
since it is always non-factual): 
+ Large media: 


+ Truthful content: news articles containing only verified (but not 
necessarily unbiased) information. 


+ False content: news articles containing disproven information. 
e Common users: 


+ Citizen reporting: citizens reporting witnessed events on social 
media. 


+ Hoax: false news in the form of fake citizen reporting, with some- 
body pretending to witness something that is untrue, or a con- 
spiracy theory. 


We then split truthful and false content based on whether the content is 
biased: 


+ Truthful content: 


+ Good quality content: news reporting of only verified informa- 
tion, expressed in a generally objective manner. 


+ Manipulated content: true stories portrayed in a way to favor a 
particular actor or to make the content more appealing to a par- 
ticular group of readers. 
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e False content: 


e Errors: wrong information produced without any ill intention 
behind it. 


+ Fake content: false content produced with the intention of mis- 
leading the reader. 


Finally, we differentiate between the different ways a story can be 
manipulated, focusing on the writer’s motivation: 


+ Biased content: stories that have been manipulated because of politi- 
cal motivations, usually through omissions, use of emotional lan- 
guage, or through an excessive emphasis on certain details. 


e Clickbait: articles with the goal of drawing views to a website. 
Although less dangerous than biased content, clickbait is unethical 
and increases general distrust in news media. 


6.3.1.2 Subfield: Opinion 
For opinionated content, we adopted a simpler classification, focusing only 
on factuality and objectivity: 


+ Opinions based on wrong information: theses built on exaggerated or 
baseless claims. Readers should approach them with skepticism or 
discard them entirely. 


+ Biased analysis: articles where authors selected, analyzed, and pre- 
sented the information available in a biased way, lowering the overall 
quality of their analysis. 


+ Good quality analysis: opinion pieces where authors, using correct 
information as a basis, provided a complete and objective analysis, 
only minimally influenced by their political stances. 


It is worth noting that an opinion piece can be both biased and con- 
tain wrong information, although the latter is generally a more serious 
accusation. 
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6.3.2 Multilayer Content Classification 

We show here how the categorization presented above can be implemented 
in an automated, multilayered classification system. The steps the system 
must perform are: 


1. Determine content newsworthiness, filtering out personal posts. 
2. Analyze the content source (only for news content). 

3. Analyze the content factuality. 

4. Analyze if the content is biased. 


5. Analyze the author’s intent (mainly for news content). 


Based on the results of each of these analyses, the system will be able 
to assign any online content into one of the categories from the taxonomy 
discussed above. 


6.3.2.1 Assisted Fact Checking 

By utilizing existing technology, we were able to realize a simplified proto- 
type of the system just outlined, containing five layers: (1) a newsworthi- 
ness classifier, (2) a professionality classifier, (3) an automated fact-checking 
system, (4) a bias detector, and (5) a detector to evaluate the political ideol- 
ogy behind a text. For the third layer, arguably one of the most important 
in the system, we designed an automated fact-checking system that works 
as follows: 


1. Given a text, it detects every check-worthy sentence contained in it. 


2. For each of the claims, an online search is performed to find related 
evidence. 


3. An agreement detector analyzes whether the retrieved evidence 
confirms or refutes the information contained in the original 
sentence. 


With respect to the original structure, we simplified the last layer 
to fit the data at our disposal, moving from a more generic analysis of 
a writer’s intention to a more specific predictor of what their political 
ideology could be. 
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6.4 DATASETS 


This section provides a description of the datasets used in our experiments, 
divided according to the associated layer in the overall system. 


6.4.1 Newsworthiness 


For this layer we perform a three-way classification between news, opin- 
ions, and un- interesting content. To build a dataset for such classification, 
we exploited Reddit and its characteristic of dividing content according 
to monothematic communities, a strategy that we use multiple times 
throughout the chapter. To gather news articles, we collected 17,782 sub- 
missions from subreddit r/news?, while for opinion pieces we scraped 
15,816 articles from 1/InTheNews*. As a collection of uninteresting content, 
we used an existing dataset from Kaggle°, composed of blog posts divided 
by category. From this corpus, we removed posts labelled as politics or 
society and sampled 20,000 of the remaining entries. 


6.4.2 Professionality 


The main purpose of this layer is to discriminate between well-written 
articles and poorly written ones. As in the previous section, we exploited 
Reddit to build our dataset. To create a collection of low-quality articles, 
we scraped 11,688 articles described as clickbait or low-effort news from r/ 
savedyouaclick *. Interestingly, among the top 5 publishers we found prom- 
inent news outlets, such as Business Insider and CNN, indicating that arti- 
cle quality may vary and/or sensational headlines may be present across all 
news agencies, not exclusively lesser-known ones. 

To build the opposite dataset, given the multiple sources available, we 
decided to test three different strategies. First, we scraped articles from 
r/qualitynews’, which provided 11,695 articles. Given the low number of 
subscribers of r/qualitynews, we also decided to test the dataset built from 
r/news presented in the previous section. This dataset is not only larger, but 
it is also more international than the one from r/qualitynews, although, 
being subject to less strict requirements, it might contain lower quality 
entries. 

Finally, we created a third dataset by collecting news articles from 
seven specific newspapers renowned for the quality of their articles and 
in-depth analysis: The Atlantic, Foreign Affairs, Politico, The New Yorker, 
The Economist, The Wall Street Journal, and BBC. Across all of them, we 
obtained 15,437 unique samples. 
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6.4.3 Claim Detection 


In order to develop the third layer of our system, the first step was to build 
a claim detection system. Different from the previous sections, we were 
able to find multiple papers on the subject, as well as two datasets. 

The first dataset, provided by Hassan, Li, and Tremayne (2015), is com- 
posed by 20,000 sentences from debates, labelled as check-worthy or not. 
Since the labelling was performed manually, we argue that the dataset suf- 
fers from scalability issues. 

The second dataset, presented in Atanasova et al. 2019, also consisted of 
sentences coming from debates, although in this case their label was based 
on whether they had been fact checked by factcheck.org or not. In our opin- 
ion, this approach presented numerous biases. Fact-checking organizations 
are more likely to fact check claims that are dubious (we point to Figure 6.4 
for evidence), while they are less likely to focus on generic claims (examples 
in Table 6.1). In addition, fact checkers fact check a particular claim only 
once, even if it is repeated multiple times during a debate. 

Thus we decided to introduce a new dataset using the following process: 


e Check-worthy sentences were scraped from PolitiFact, collecting all 
the claims that have been fact checked on the website in the past 
ten years or so. 


e As for the negative examples, we tried to imitate normal conversa- 
tions by using the Cornell Movie Dialogs Corpus’, a dataset of movie 
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FIGURE 6.4 Distribution of scores across PolitiFact claims. 
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TABLE 6.1 An Extract from Atanasova et al. 2019 


Sentence Claim Label 
So were losing our good jobs, so many of them 0 
When you look at what’s happening in Mexico, a friend of mine who builds 0 


plants said it’s the eighth wonder of the world 


They're building some of the biggest plants anywhere in the world, some of 0 
the most sophisticated, some of the best plants 


With the United States, as he said, not so much 
So Ford is leaving 
You see that, their small car division leaving 


=.. o 


Thousands of jobs leaving Michigan, leaving Ohio 


Reading the sentences, it is debatable whether some of them should be classified as claims or not. 


scripts lines. To avoid introducing biases, we removed lines that were 
excessively long (more than 500 characters) or that were taken from 
sci-fi, fantasy, or historic movies. 


We thus obtained 17,580 claims and 26,710 non-claims. In Figure 6.4 we 
show the ratings’ distribution across the PolitiFact dataset. 


6.4.4 Agreement Detection 


To build a dataset for this task, we decided to use a collection of fact-check- 
ing articles with their fact-checked claim (truthful claims should agree 
with their fact-checking articles, while false claims should not). These 
articles were taken from PolitiFact and other news organizations found 
through the Google FactCheck API. The final dataset comprised of 52,877 
entries, divided into 23 languages and 21 publishers. 

Interestingly, observing the distribution of the entries by year and 
language (shown in Figure 6.5), we notice that the number of articles is 
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FIGURE 6.5 (left) The distribution of articles by year and language. (right) the 
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correlated to political events in different countries. Indeed, English arti- 
cles have a spike in 2016, when US presidential elections were held, while 
Portuguese and Italian ones peaked respectively in 2019 and 2018, when 
Brazil’s and Italy’s general elections were held. Similar to the dataset 
from PolitiFact, the samples are characterized by a significant unbalance 
towards false claims, further reinforcing our speculation in Section 6.4.3 
about fact-checking organization prioritizing suspicious claims over 
truthful ones. 


6.4.5 Political Bias and Ideology 


The final tasks, political bias and ideology detection, are strongly related, 
which is why we were able to use the same datasets in both cases. We will 
therefore present them here in one section. 

The first dataset, specific to the bias detection task, was presented 
in Pryzant et al. (2020) and consists in 181,474 sentences taken from 
Wikipedia which didn’t respect the website’s neutral point of view policy. 
Each sentence comes with the edited, unbiased version. 

For our purposes, we labelled the original sentences as biased and the 
edited ones as unbiased and dropped, for each entry, either the original or 
the edited sentence. 

The second dataset is the All the news dataset on Kaggle’, a collection of 
2.7 million news articles which we rated based on their publishers’ score on 
MediaBiasFactCheck. Since the resulting dataset was skewed towards left- 
leaning sources (with only one publisher being right-leaning), we decided 
to integrate it with 52,699 articles retrieved from subreddit r/conservative!?. 
To balance it, we merged this data with an equal amount of left-leaning 
and unbiased entries from All the news. We used this dataset in both tasks, 
simply removing the unbiased articles for the ideology detection. 

As mentioned before, we believe that rating an article based on its 
publisher is a questionable practice. Therefore, after building the previ- 
ous dataset, we decided to expand the idea of using Reddit to retrieve 
left-leaning articles as well. By selecting left-leaning subreddits, we gath- 
ered 36,658 articles, which we then merged with the 52,699 coming from 
r/conservative. As unbiased articles, we selected 54,032 articles from All the 
news produced by Reuters, which we deemed authoritative enough for the 
purpose. As before, this dataset was used both for bias and ideology detec- 
tion, simply discarding unbiased articles in the latter case. 

Interestingly, if we look at the most used words in these two datasets, 
the word Trump, despite being the second most popular among biased 
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articles, is not even in the top 30 when it comes to unbiased ones. This 
is probably a reflection of how news media used the figure of former US 
President Donald Trump to attract readers and viewers. Curiously, if we 
look at conservative and liberal articles, the former not only appear to be 
talking more about Trump, but they also talk more about Biden (respec- 
tively, first and tenth most used words). 


6.5 EXPERIMENTS 


In this section, we will discuss the experiments conducted in order to 
prove the validity of our system, as well as verify the quality of the datasets 
we built. We want to highlight that, being our main focus the creation of 
an environment to be used in future works, we decided not to test mul- 
tiple models for our classifiers, but rather focused on experimenting with 
different strategies using BERT, which will be the base for all the models 
presented in this section. 


6.5.1 Crowdsourced Evaluation of Dataset Quality 


As we saw in the previous section, the most notable strategy we proposed for 
building new datasets is exploiting Reddit’s peculiarity of creating monothe- 
matic communities (subreddits) to collect large amounts of posts or articles, 
labelled according to their original community. To test the reliability of this 
strategy, we set up a crowdsourcing experiment to evaluate whether human 
crowdworkers would agree with the labels we gave to the articles we col- 
lected. Showing them the submission from our ideology datasets, we asked 
them to decide if they were left- or right-leaning (each article was shown 
multiple times to lower the amount of noise). We received answers for 410 
articles, of which 374 (91.2%) agreed with our labelling. Of the 36 erroneous 
answers, they were either apolitical articles (such as polls or similar) or they 
had been removed from the subreddits they came from. Only in a couple of 
cases the articles were self-criticism of one political side (such as an article 
denouncing a scandal surrounding Tulsi Gabbard on r/democrats)". 

We believe that these results proved that Reddit can be a valuable source 
to build datasets of online content and that the quality of such datasets 
could be increased by discarding submissions with low or negative ratings. 


6.5.2 Newsworthiness Classification 

As explained in the previous sections, this classifier was designed to dis- 
criminate between newsworthy and uninteresting information, dividing 
texts into news, opinions, and personal posts. 
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TABLE 6.2 Classification Report for the First Newsworthiness 
Classifier, Trained to Discriminate between All Three Categories at Once 


Precision Recall F,-score 
News 0.58 0.66 0.62 
Opinion 0.57 0.46 0.51 
Uninteresting 0.91 0.94 0.92 


Its overall accuracy was 0.70. 


TABLE 6.3 Classification Report for the Second Strategy 


Precision Recall F,-score 
Interesting 0.94 0.93 0.94 
Uninteresting 0.96 0.97 0.96 
News 0.60 0.61 0.60 
Opinion 0.55 0.54 0.55 


The overall accuracy of the first classifier was 0.95, while for the second 
it was 0.58. 


Using the datasets discussed in Section 6.4.1, we fine-tuned a BERT 
model on them, obtaining the results shown in Table 6.2. Observing them, 
we can infer that the model could easily distinguish between uninteresting 
content from the rest, but it encountered more difficulties when deciding 
between news and opinions. 

Following the results from the previous experiment, we divided the task 
into two subproblems, fine-tuning two different classifiers, one to detect 
interesting content and one to classify it into news and opinions. Results 
are reported in Table 6.3. 

Unfortunately, this new strategy didn’t improve but rather confirmed 
the results of the first model. This showed that recognizing interesting 
content is an easy task for BERT, while dividing it into news and opinions 
is a harder problem to face. This is a satisfying result nonetheless, since 
the most important task for this predictor was to “clean” the input of the 
system, discarding irrelevant information. 


6.5.3 Professionality Classification 


The purpose of this classifier was to detect whenever an article suffered 
from poor writing, an indicator that whoever wrote it is not a professional 
journalist. To build this predictor, we compared BERT’s performances on 
three different combinations of the datasets presented in Section 6.4.2. 
In all three cases, we used articles from r/savedyouaclick as low-quality 
samples, while we varied high-quality ones. The first classifier used articles 
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TABLE 6.4 In Order: Classifier Trained on r/qualitynews, 
r/news, and Selected Publishers 


Precision Recall F,-score 
Low quality 0.91 0.88 0.89 
High quality 0.88 0.91 0.90 
Low quality 0.77 0.81 0.79 
High quality 0.80 0.75 0.78 
Low quality 0.83 0.81 0.82 
High quality 0.86 0.88 0.87 


TABLE 6.5 Comparison of the Three Different Classifiers 


Datasets Accuracy 
Low quality High quality 
r/savedyouaclick r/qualitynews 0.89 
r/savedyouaclick r/news 0.78 
r/savedyouaclick selected publishers 0.85 


collected from r/qualitynews, the second one used articles from r/news, and 
the last one used articles from selected publishers. Classification reports 
for all three classifiers are shown in Table 6.4. 

In Table 6.5, we show the accuracy obtained by each classifier on its test 
set. Considering that we used the same model in all cases, it's safe to assume 
that their differences were closely related to how noisy each dataset was, 
which makes it unsurprising to discover that the worst-performing model 
was the one trained on r/news. It is more surprising to see that r/qualitynews 
proved to be a better source than the selected news publishers. 

This might be an indication that, as we mentioned several times already, 
a news source is not always a reliable parameter to evaluate its quality. At 
the same time, this experiment shows again the validity of using Reddit to 
build accurate datasets. 


6.5.4 Claim Detection 


As part of our automated fact-checking system, we needed to develop a classi- 
fier to detect check-worthy claims inside a text. We described in Section 6.4.3 
our approach to building a scalable dataset of check-worthy claims and 
normal sentences. The BERT model we trained on this data obtained an 
accuracy close to 1.00, showing that our sources produced clearly distin- 
guishable categories. To test our classifier’s performances on real-world 
data, we replicated the work of Hassan, Li, and Tremayne (2015), building 
a dataset of sentences labelled through crowdsourcing. To use a real-world 
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TABLE 6.6 Results Obtained by Our Claim Detector 


Precision Recall F,-score 
Not Claim 0.72 0.78 0.75 
Claim 0.63 0.55 0.59 
Not Claim 0.76 0.80 0.78 
Claim 0.66 0.60 0.63 


On the top, results on the entire test data (overall accuracy 
0.69); on the bottom, results on test data limited to sentences 
reviewed at least twice (overall accuracy 0.72) 


scenario, we used 4,018 sentences from the 2020 US presidential debates. 
On the 2,421 sentences labelled by crowdworkers, our model obtained the 
results shown in Table 6.6. The table also shows the results obtained on the 
subset of sentences labelled by at least two crowdworkers (little more than 
950). In this case, performances were slightly better. 

Final accuracy was 0.69, comparable to the best performance obtained 
by Hassan, Li, and Tremayne (2015) of 0.70. In that paper, however, the 
models were trained and tested on the same data and showed unbalanced 
results, with high precision and low recall. Our model shows a more bal- 
anced performance across the two categories, thus reducing the risk of 
overfitting in real-world scenarios. We believe that our experiment suggests 
that our approach for building datasets for this task is an effective one. Not 
only that, it has large room for improvements. Our collection of claims 
can be expanded with lower effort, even to new languages, while negative 
examples can be improved by using more variegated sources. Moreover, 
refining the testing data by continuing the crowdsourcing experiment 
might help in reducing noise and getting more accurate results. 


6.5.5 Claim Reformulation 


After detecting a claim, our system searches online for evidence that either 
supports or refutes it. While working on this step, we realized that often sen- 
tences were difficult to understand when extracted from their text (e.g., He 
said that is meaningless if not framed). Since this issue would affect the overall 
quality of the system, we decided to tackle it. Using an approach similar to 
Suresb (2020), we used spaCy * to detect all pronouns and entities in a given 
text. Each of the pronouns thus found was in turn substituted with the special 
BERT token [MASK], before performing masked word prediction. The pre- 
dicted word was chosen among the entities found in the text, and the predic- 
tion was only accepted if the model surpassed a given threshold of confidence. 
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We tested our approach on the GAP dataset from Webster et al. (2018), 
the benchmark for tasks of coreference resolution. We limited our test set to 
286 sentences where the pronoun is either “He” or “She,” discarding other 
pronouns for which our model had not been adapted. On these, our system 
reached an accuracy of 0.75, beating the baseline presented in Webster et al. 
(2018) of 0.66 and similar to the accuracy of 0.76 obtained in Suresb (2020). 

Although the performances are likely to degrade in a real-world use case, 
it is noteworthy that the model we used wasn’t even fine-tuned for the task 
(BERT can perform masked word prediction out of the box). It’s therefore 
plausible that with an appropriate fine-tuning process these results might be 
improved, showing that this is a promising approach to the problem. 


6.5.6 Agreement Detection 


The last step of the fact-checking system is to analyze whether the evidence 
found online supports or refutes the initial claim. 

For this task, we presented in Section 6.4.4 a dataset of 52,644 fact- 
checking articles from around the world, each accompanied by the related 
claim and truth rating. By training a BERT model on this data, we wanted 
to achieve a model that, given a sentence and an article connected to 
it, would be able to define whether the latter agreed with the former, or 
vice versa. Since the dataset was heavily skewed towards false claims, we 
trained the model in three different settings: 


+ Using the original dataset, without any changes. 
+ Using a balanced version of the dataset, sampling the “false” pairs. 
+ Using only the titles of the fact-checking articles from the balanced 


dataset. 


The comparisons between the results from the various models can be 
seen in Table 6.7. Looking at performances, the last two models appeared to 


TABLE 6.7 Comparison between Accuracy 
Values of Different Agreement Detectors 


Model Accuracy 
Base dataset 0.82 
Balanced dataset 0.68 
Title only 0.68 


The higher accuracy on the first dataset is 
misleading, as it was obtained by simply label- 
ling the majority of samples as “false” 
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be almost equivalent, with a 0.68 overall accuracy in both cases, while the 
first ended up overfitting and labelling most of the test rows as false. After 
discarding this model, more experiments should be conducted to assess 
whether any statistical difference exists among the other two; although for 
our system we decided to use the one trained on the entire articles, as it 
would be easier to deploy. 


6.5.7 Bias Detection 


In our taxonomy, we established that a key role in determining the quality 
of a news article would be its level of objectivity. Using the datasets pre- 
sented in Section 6.4.5, we trained three BERT models for this goal. 

The first classifier was trained over the dataset of Wikipedia sentences 
from Pryzant et al. (2020), but its results turned out to be inconclusive, 
with the model labelling almost all samples in the test data as unbiased. 
The second classifier was trained on a dataset of our creation, built com- 
bining articles from the All the news dataset with articles from r/conserva- 
tive. Although the final dataset was considerably skewed towards biased 
samples (with a ratio of 65/35), results on the test data were close to 100% 
accuracy, correctly identifying 33,409 articles out of 33,573. We then 
trained a third classifier on a dataset composed of unbiased articles from 
Reuters and biased articles from liberal and conservative subreddits. In 
this case too, the dataset was skewed towards biased entries, yet the model 
still got an accuracy close to 100%, even outperforming the previous one 
(28,601 correct predictions out of 28,676). 

As with other classifiers we trained, we shouldn't be expecting 
these performances in real-world scenarios. The data still suffered 
from some limitations, especially with regards to unbiased articles. 
Moreover, since we're using test and training data coming from the 
same source, these results are inevitably more optimistic than they 
should be. Despite these issues, however, our experiments proved that 
BERT is capable of handling this task and supported our belief that Reddit 
can be used to create reliable news datasets. 


6.5.8 Political Ideology Detection 


For this last layer, we developed a classifier to determine an article’s politi- 
cal stance. Given the close connection between this layer and the previous 
one, this classifier was built using the last two datasets from the previ- 
ous layer, simply dropping unbiased articles and using as categories left- 
against right-leaning. 
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However, while in the previous case, the two datasets gave similar per- 
formances, for this layer the first dataset (which combined articles from 
All the news and r/conservative) produced inconclusive results, with the 
final model labelling most test data as right-leaning. The second classi- 
fier, trained on the Reddit dataset, performed instead much better, with an 
overall accuracy of 0.90. 

These results showed that this is yet another task that BERT can handle 
effectively and were a further proof of the quality of the data extracted 
from Reddit, which is particularly fit for political-related research given its 
natural tendency to create closed and polarized communities. 


6.6 ASSISTED FACT-CHECKING PROTOTYPE 


While completing our experiments, we used the classifiers that we trained 
to build a prototype for a real-world use case of our research. This took the 
form of a web application called fastidiouscity (a screenshot is shown in 
Figure 6.6). The application, given a text, returns a series of analysis on the 
text bias, ideology and professionality, as well as analyzes each sentence 
of the text, evaluating whether it’s a claim, searching for evidence online 
through the system we described in Section 6.5.5. 

While still too unreliable to become a completely automated fact- 
checking system, we believe it could be extremely helpful as an assisted 
fact-checking system, helping fact checkers to speed up their work. 


Fastidiouscity (by Stefano Agresti) Home | About 
In the text, sentences that we believe are claims have been HRIB 
Click on one of the sentences to se h online for evidence that 
supports or refutes it 
You have selected the following sentence: 
"The election bas already started.” 
We believe this sentence is a claim (confidence: 100%). Show why, 
Do you agree? Yes/No 
"The election has already started." 
And so it's just not appropriate to do this before this election. MIN The references to other entities from the original 
RRS ea SS RE AT e the following reformulation instead to search 
for 
We believe that this text Evidence found online to 
- is biased (confidence: 100%). Show why, Do you agree? Yes No support or refute the claim 


FIGURE 6.6 A screenshot taken from fastidiouscity, our working prototype. The 
text, extracted from the 2020 US presidential debate, was pronounced by then 
Democratic nominee Joe Biden. 
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Nevertheless, such a product would be a remarkable milestone, since the 
main drawback of traditional fact checking is its slowness compared to 
that of fake news. 


6.7 CONCLUSIONS 


In this chapter, we discussed the problem of online content classification, 
with the ultimate goal of building a tool capable of discriminating between 
reliable and unreliable information. 

In Section 6.3, we introduced a new taxonomy that, by classifying online 
content through a multidimensional approach, managed to capture the 
different ways in which information can be manipulated, without requir- 
ing unrealistic performances from technology. Based on this classification, 
we built a working prototype, showing that it’s feasible to build a tool to 
assist fact checkers using today’s AI technology. 

We tackled the lack of publicly available, high-quality datasets, showing 
a new strategy to build them exploiting Reddit. Such strategy was tested in 
Section 6.5.1 through a crowdsourcing experiment, where human crowd- 
workers confirmed the correctness of our labelling in over 90% of the cases. 

Lastly, in Section 6.5.4 we introduced a new scalable dataset for the 
claim detection problem. We showed that the BERT model trained on test 
data labelled by human crowdworkers obtained results comparable to the 
baselines indicated in the literature. 


6.71 Future Works 


It's unlikely that fake news and misinformation will disappear in the near 
future. On the contrary, the problem of fake news detection will become 
only more and more relevant, with a particular emphasis on Al-powered 
solutions. We believe that each of the points we tackled in this chapter can 
be improved through deeper investigation and greater resources. In the 
following list, we outline some of the points we consider more important: 


e Increase dataset size, by repeating our experiments on a larger scale. 
+ Extend to multimodal classification. 

e Introduce a satire detector. 

e Introduce a hoax detector. 


+ Conduct real-time analysis, by pairing our system with a voice-to- 
text system. 


e Conduct qualitative analysis with journalists. 
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NOTES 


. https://time.com/5887437/conspiracy-theories-2020-election/ 

. So named because the system would be considered fastidious by those 
spreading false claims and misinformation. 

. https://www.reddit.com/r/news/ 

. https://www.reddit.com/r/inthenews/ 

. https://www.kaggle.com/rtatman/blog-authorship-corpus 

. https://www.reddit.com/r/savedyouaclick 

. https://www.reddit.com/r/qualitynews/ 

. https://www.cs.cornell.edu/-cristian/Cornell_Movie-Dialogs_Corpus.html 

. https://www.kaggle.com/snapcrack/all-the-news 

. https://www.reddit.com/r/conservative 

. https://www.reddit.com/r/democrats/comments/eetyvs/former_hawaii_ 
governor_calls_on_tulsi_gabbard_to/ 

. https://spacy.io/ 
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7.1 INTRODUCTION 


This chapter focuses on the structure and development of the algorithmic 
components of VocalHUM, a smart system aiming to enhance the intel- 
ligibility of patients’ whispered speech in real time, based on audio only. 
VocalHUM aims to minimize the muscular and respiratory effort nec- 
essary to achieve adequate voice intelligibility and the physical movements 
required to speak at a normal intensity. It is primarily designed for patients 
in a temporary or prolonged state of physical and vocal frailty (e.g., respi- 
ratory infection, geriatric weakness, or partial/total paralysis) with the 
ultimate purpose to facilitate the patient-caregiver communication and 


improve the use of speech-to-text tool and voice commands. However, the 
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real-time enhancing algorithm, or HUM, focuses on speech characterized 
by correct articulation and proper linguistic production, in the absence 
of speech disorders such as apraxia or dysarthria. Indeed, we consider 
unvoiced speech restoration and enhancement as a first necessary step to 
move forward the state of the art for future solutions involving the linguis- 
tic components of the speech. The VocalHUM system consists of a small 
and smart object composed of a: 


e Dynamic microphone positioned on the cheek near the lips. 
e Single board computer: a tiny self-embedded headless computer. 
e Wearable microphone stand. 


e Built-in speaker used to reproduce the output. 


HUM can be considered the “heart” of the VocalHUM technology and 
runs on the single board computer. The HUM structure and configuration 
have been fixed after a series of tests that consider different approaches. 
In particular, this chapter presents and discusses the choices that make 
us move from neural networks to a generative approach, addressing each 
issue for an application in a real context perspective. 

To date, HUM is focused on the Italian language and combines real 
whispered speech, synthetized vowels (generated by means of additive 
synthesis) and consonant enhancement techniques. This approach pro- 
vided the first promising results on the whisper of able-bodied speakers, 
and it is currently being tested on patients in real contexts. In summary, 
the presented work deepens the development and implementation path 
of HUM, with the following structure. Section 7.2 reports a summary of 
the state of the art regarding the characteristics of the whispered speech, 
its differences with respect to normal speech, and related existing speech 
assistive technologies in clinical contexts. Section 7.3 describes HUM's 
development history and the choices that lead us to abandon the machine 
learning techniques in favor of a generative approach. Section 7.4 describes 
HUM's architecture in its current version, while the following sections are 
dedicated to results, future works, and discussion. 


7.2 THE STATE OF THE ART 

Speech intelligibility and reduced mobility are common issues in hospital 
settings and represent a central interesting topic for many other applica- 
tive fields too. However, there is still a lack of commercial products and 
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marketed solutions implementing the state of the art regarding real-time 
processing algorithms for speech enhancement and reconstruction. Due 
to this reason, the state of the art is structured in different sections. 

The first is a fundamental overview to understand the involved acous- 
tic features and behaviors regarding whispered speech and its differences 
from normally phonated speech. The second one is a summarized state- 
of-the-art regarding the communication issues of patients in real contexts, 
while the third focuses on Whisper-to-Speech (WTS) and enhancement 
prototypes, algorithms, and research. The last shortly introduces the 
added value of audio forensic techniques in facing speech reconstruction 
challenges. 

These topics are fundamental in order to contextualize both the chal- 
lenges we had to face, and in particular the real-time necessary processing, 
the space and power supply potential of the apparatus, and the suitable 
technology to allow the prototype to be worn and used by end users. 


7.2.1 Whispered Speech 


HUM applies a Whisper-to-Speech (WTS) transformation relying only on 
the audio streaming, without considering the linguistic component of the 
speech. This choice derives from the need to not burden the process not 
depending on phone models and annotated databases. A typical approach 
to speech enhancement exploits, for example, IPA annotations (Kallail & 
Emanuel, 1984; Robinson et al., 1994; Riekhakaynen, 2020; Strassel et al., 
2003;), but these annotated corpora are extremely rare for whispered 
speech and, as far as we know, are not available for the Italian language. At 
the same time, it must be emphasized that whisper enhancement relying 
on the audio signal alone is a challenge not to be underestimated. 

For example, increasing the intensity of the signal is not enough to 
enhance intelligibility especially in real contexts, and it is rather neces- 
sary to reconstruct the missing or attenuated language-related segmen- 
tal and suprasegmental components of the speech (French & Steinberg, 
1947; Amano-Kusumoto & Hosom, 2011). We refer here to a whispered 
speech belonging to the so-called soft whisper group (Weitzman et al., 
1976). We do not describe here the physiology of this speech modality, 
which can be delved into in Morris & Clements (2002), Tsunoda et al. 
(1997), or Lim (2011). 

Its main acoustics characteristics derive from the lack of vocal-fold 
vibrations which implies the absence of fundamental pitch, and the derived 
harmonic relationships among formants (Jovicic, 1998). Then, with respect 
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to normal speech, the whispered speech presents several differences (Gao, 
2003; Morris & Clements, 2002; Sharifzadeh et al., 2010) such as: 


e Almost a total lack of FO (and related features). 


+ Much flatter power-frequency distribution of formants between 500 
and 2000 Hz. 


+ Formants values tend to be higher in frequency. 

e Fl usually shows the greater increase. 

+ F2 tends to be as powerful as Fl. 

e Ithas normally 20 dB lower power than its phonated version. 


+ Longer lasting vowels. 


Another crucial point is the perceptual aspect: whispered speech is 
commonly understood by the human auditory system in optimal condi- 
tions. Perceptive issues start to present when the conditions are not exactly 
optimal, such as the presence of environmental noise. As underlined by 
Loizou and Kim (2010), despite progress in the development of speech 
enhancement algorithms focusing on speech quality, little progress has 
been made in improving speech intelligibility in critical conditions. 

Moreover, it should be noted that phone calls reduce the useful speech 
bandwidth with repercussions on voice quality, while a traditional audio 
signal amplifier in many cases does not increase intelligibility, which 
depends on cross-segmental and suprasegmental factors of speech 
(Bradlow et al., 1996). Then, the identification and reconstruction of the 
acoustic features which vary between whisper and normal speech seem to 
be the first problems to be solved in order to improve the state of the art. 


7.2.2 Speech Assistive Technologies in Clinical Contexts 


The COVID-19 pandemic, which started in 2019, brought to light preex- 
isting communication and isolation issues in clinical contexts (Sun et al., 
2021). These contexts are equipped (in the best of cases) with internal 
phones or emergency bells, but nothing specific is adopted for speech intel- 
ligibility enhancement or restoration. A sectorial investigation highlighted 
the presence of various patented methodologies and tools for speech 
enhancement, not strictly designed for the healthcare field. However, we're 
speaking of algorithms or circuits that are still limited to noise reduction, 
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intensity gain, equalization or echo cancellation’, and therefore not strictly 
focused on speech (Berkovitz, 1982; Godsill et al., 2002). Some industries 
sell speech enhancement tools, but these are only focused on tasks like 
noise removal and acoustic echo cancellation finalized to improve speech 
recognition, which is beyond our scope. Main examples are Cerence’, 
Alango’, and Advanced Bionics*. 

More of the recent research attempts are focused on partially or totally 
laryngectomized patients, which are currently constrained to the use 
of invasive tools, laryngophones, or throat microphones (Cohen et al., 
1984; Erzin, 2009; Liua et al., 2007; Sahidullah et al., 2016; Shahina & 
Yegnanarayana, 2007; Zheng et al., 2003). When they learn to speak auton- 
omously, they use the so-called esophageal speech, which is much more 
difficult to understand than whispered speech due to the partial or total 
lack of vocal cords and the different phonation modality. 

The available solutions for this target are yet not acceptable to reach a 
large-scale success among patients. Hardware devices are still limited to 
old-fashioned tools like an artificial larynx and a simple signal amplifier. 
Moreover, companies involved in this field do not seem interested in imple- 
menting the current speech enhancement techniques to their products; 
instead, they are applied to other domains. Some examples are Luminaud’, 
Griffin Laboratories®, and Atos Medical”. UltraVoice* is another available 
device in the market which is still very invasive. In summary, in a first 
step, HUM aims to reconstruct whispered speech of a healthy speech 
apparatus, but nothing prevents improving it in the future to also cover 
esophageal speech. 


7.2.3 Speech Enhancement and Reconstruction Techniques 


Speech intelligibility is a topic of transversal interest for human activi- 
ties. It plays a substantial role in digital audio forensics in perception of 
linguistic contexts in environmental and telephone interception. It also 
applies to countless areas, such as home automation (e.g., voice commands 
in human-computer interaction), public data, and behavioral security 
(e.g., emergency voice commands on aircraft), and hardware and software 
applications for sung and spoken voice for artistic performances. Machine 
Learning (ML) and signal processing research has enormously improved 
in recent years. However, scientific research has rarely turned into usable 
products for the speech in clinical contexts. This is probably due to the 
vastness of the topic and its wide possible application joined with the rela- 
tive novelty of many techniques. 
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Many signal processing techniques demonstrate the possibility of 
enhancing speech intelligibility, but they need to be refined and strength- 
ened to be used in everyday life. Nevertheless, none of the newly developed 
algorithms appear to be yet implemented in products for real-time usage. 
Real-time processing is extremely fundamental for concrete exploita- 
tion, but it requires experimentation in real contexts, well-defined speech 
databases, an interdisciplinary approach, and most importantly constant 
interfacing with end users. 

Recent advancements in Artificial Intelligence focused on speech 
enhancement techniques, successfully increased the intelligibility of Non- 
Audible Murmur (NAM) microphones by means of Generative Adversarial 
Networks (GANs) applied to NAM-to-Whisper (NTW) and Whisper-to- 
Speech (WTS) tasks (Patel et al., 2019; Pascual et al., 2019a; Shah & Patil, 
2020; Zhou et al., 2012). Other techniques make use of Hidden Markov 
Models and Gaussian Mixture Models to perform speaker recognition (Patel 
et al., 2019) and speech enhancement (Doi et al., 2010). Nevertheless, none 
of these algorithms has been implemented in products for real-time usage. 

The problem with GANs is that they are significantly difficult to train 
in terms of computational complexity (Patel et al., 2019). Even with these 
computational problems, these kinds of neural networks can produce sig- 
nificant results. In GAN architectures for WTS tasks, a GAN is trained 
with power spectrum and different spectral features to produce speech 
from a NAM signal, by finding the relation of the respective feature vec- 
tors (Toda et al., 2012). In the case of a Deep Neural Network, the proce- 
dure is almost the same but requires a higher number of hidden layers and, 
thus, allows to learn more complex relations between source and target 
spectral feature vectors, with a consequent higher computational cost and 
temporal delay. 

Gaussian Mixture Models (GMMs) were successfully applied in tasks 
such as Voice Conversion (Stylianou, 1996). They lead to successful results 
also in WTS tasks if combined with Maximum Likelihood Estimation 
(MLE), as stated in Toda & Shikano (2005). In GMM architectures for WTS 
tasks, pairs of NAM and speech signals are fed to two GMMs for spectral 
estimation and pitch estimation. In this case, the features and the power 
spectrum of both signals are previously extracted (Toda & Shikano, 2005), 
and the model tries to find the mapping between the source and target fea- 
ture vectors. In the approach exploiting Hidden Markov Model (HMM), 
the source and target parameters are modeled by a context-dependent 
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phone-sized HMM. Then, an HMM recognition is applied on the input 
feature vectors, and, lastly, a third HMM is used for the synthesis of the 
speech (Tran et al., 2009). 

Seeing the magnitude of the state of the art, at first we decided to 
approach the challenge based on ML techniques already mentioned in 
literature, but the result was unsatisfactory from several points of view 
(Section 7.3). We therefore opted for a generative approach (Section 7.4), 
which has been refined with mixed techniques crossing the original 
whispered speech with synthetic vowels in order to preserve the patient’s 
timbre. 


7.2.4 Added Value of Digital Audio Forensics 


Digital audio forensic techniques play a pivotal role in the exploitation of 
forensic noisy and degraded speech recordings for solving a wide range 
of questions. Therefore, it can be extremely helpful for facing applied 
experimental research affected by a great amount of potential technical 
risks and subjective/objective variability, such as in clinical applications. 
These methodologies concern both the analysis of linguistic contents and 
the extraction of environmental and context noises, but most of the digi- 
tal audio forensic applications are focused on human speech; for example, 
a speaker’s timbre characterization, speaker recognition, speaker profil- 
ing (age/gender/geographical origin), or characterization of pronunciation 
defects in relation to a linguistic norm (see Broeders, 2001; Olsson, 2018 
for an introduction). 

Moreover, forensic speech analysis has a strong interdisciplinary nature, 
combining different linguistic competences such as signal processing, 
audio coding and compression, digital restoration, psychoacoustics, per- 
ception, and linguistics (especially phonetics, phonology, and sociopho- 
netics). In forensics, both the segmental (vowels, consonants, silences, etc.) 
and the suprasegmental (the prosodic temporal behavior of local features 
such as intonation, amplitude envelope, etc.) levels and their mutual rela- 
tionship are considered. 

Signal processing and feature extraction techniques are constantly 
improved and, at the same time, the sociolinguistic and perceptive themes 
are considered, making the approach interesting for the clinical field, too. 
Finally, compared to traditional linguistic and phonetic sciences, digital 
audio forensic techniques offer a different multidisciplinary and concrete 
approach. 
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7.3 HUM's DEVELOPMENT HISTORY 


HUM is designed for a speaker with healthy vocal chords emitting whis- 
pered or extremely faint speech due to different pathologies. This choice 
will allow to gradually test and refine HUM on real patient data and then 
solidly move towards new challenges such as, for example, esophageal 
speech. We started from the real requirements to find the most suitable 
algorithmic solution based on the following needs: 


+ Relying on the audio component only without exploiting the linguis- 
tic one. 


+ Making sure the overall WTS process on continuous audio stream- 
ing works with the lowest possible latency. 


+ Making sure the HUM algorithmic component can work in a small, 
wearable, and smart object. 


The initial choice was to rely on previous promising research involving 
the use of ML techniques. In terms of technology, we thought of using 
a NAM microphone to capture sound from the area under the temporal 
bone (under the ear) without using traditional microphones that must be 
fixed in some way jointly with the user. Both of these solutions have been 
replaced by other more concrete and practical ones during the develop- 
ment and testing phases. The abandonment of neural network techniques 
is classically mainly attributable to the lack of data and their difficult pro- 
duction, or to the long-expected processing times. 

The replacement of NAM, on the other hand, was caused by a negative eval- 
uation by volunteer speakers suffering from various pathologies. This para- 
graph summarizes the attempts that have been made in order to trace the path 
taken in the direction of a performing algorithm applicable in real contexts. 


7.3.1 Corpora and Audio Recording Modality 


In this paragraph we describe the corpora built and exploited to per- 
form tests with ML techniques. Indeed, the first crucial step consisted 
in the creation or finding of corpora suitable for training the networks. 
Before the abandonment of the NAM microphone, the networks would 
have been NAM-to-Whisper (NTW) and Whisper-to-Speech (WTS) 
transformations. 

Then, the crucial point in training the Neural Networks (NNs) was to 
find or create NAM, normal, and whispered speech recordings aligned 
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with each other for a wide range of speakers in order to train the NNs. 
A dataset composed of whispered and normal sentences (spontaneous, 
read, and elicited speech), from 11 able-bodied Northern-Italian speakers 
(5 males and 6 females) aged between 20 and 60 years, was used for pre- 
liminary analysis. 

We created two different scripts: the first consisted in a list of 100 words, 
only read by 3 out of 11 speakers. The second was a sequence of 79 pairs 
of sentences, read by the remaining 8 speakers (for a total of 1264 sen- 
tences). Each pair was composed of a meaningful sentence and a nonsense 
phrase, expressly chosen to contain specific combinations of sounds and 
phonemes, covering the phonotactic possibilities of the Italian language 
(Cenceschi et al., 2021; Prieto et al., 2010-2014). The spontaneous speech 
has been recorded for seven speakers and consists in the description of a 
room or a favorite dish. 

Recordings were made with a Steinberg UR22mkII sound card coupled 
to a tailor-made double microphone (comprising a dynamic and a NAM 
microphone realized by means of the stethoscope, see Figure 7.1). 


FIGURE 7.1 A speaker wearing the tailor-made double microphone (NAM + 
dynamic capsule). 
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The dynamic headband microphone was located in front of the speak- 
ers mouth, while the NAM was under the ear, in contact with the tem- 
poral bone. Then, the obtained stereo recording was split into mono to 
separate the NAM and the dynamic microphone channels. The resulting 
corpora are described below: 


1. A corpus comprising normal and whispered speech, obtained 
through the dynamic microphone, and manually aligned. 


2. A corpus comprising aligned sentences of normal speech recorded by 
means of the NAM and the dynamic microphone at the same time 
while the user is talking. 


3. A corpus comprising aligned sentences of whispered speech recorded 
by means of the NAM and the dynamic microphone on a stereo at 
the same time while the user is talking. 


4. Fake whisper speech samples obtained via Praat (Boersma, 2001) and 
processed via Praat Vocal Toolkit (Corretge, 2012-2021), exploiting 
the To Whisper feature. This passage was repeated both one and two 
times, to simulate different fake whispered speech. 


In addition, 10 audiobook chapters narrated by 10 different speakers 
were downloaded from LiberLiber? and processed with the same method- 
ology described in list item 4. All the sentences in these corpora have been 
manually split into syllables (listening and looking at the spectrogram) by 
means of Praat scripts for processing multiple files in TextGrid. Then, the 
obtained pairs of normal-whispered, NAM-whispered, and NAM-normal 
speech syllables have been aligned through Dynamic Time Warping, 
exploited in order to train different HUM configurations, and catalogued 
for future use. 

Though the attention has been focused on healthy people corpora so far, 
the same recordings were also realized involving a speaker using esopha- 
geal speech (completely without vocal cord, see Meluzzi et al., 2022), and 
two patients affected by quadriplegia, suffering from difficulty in breath- 
ing due to no or limited mobility from the neck down. These samples have 
been used to test HUM on a set of various configurations and define the 
final user’s profile. The following paragraph synthetizes the main NN 
architectures tested according to the typology of the input vocal signal to 
be enhanced. 
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7.3.2 NAM Microphone Signal and NNs 


We initially thought to acquire the whispered speech on a NAM micro- 
phone, and then apply the two next steps. The first step resulted in a NAM- 
to-Whisper (NTW)! transformation followed by a Whisper-to-Speech 
(WTS)" passage, by applying a whisper enhancement method such as in 
Huang et al. (2019) and Zhou et al. (2012). Previous works suggest applying 
speech enhancement techniques (Malathi et al., 2019; Pascual et al., 2019b) 
to improve the intelligibility of the speech signal output. 

However, despite literature review that seems to suggest promising 
results using small corpora (Parmar et al., 2019), the NAM did not prove 
to be usable both from a practical and a technical point of view. Firstly, 
all the feedback by people with various types of motor disabilities high- 
lighted the need to not put anything on the speaker's neck. Moreover, the 
spectrum of the whispered speech signal obtained by means of the NAM is 
constrained below 3500 Hz, making any adequate whisper reconstruction 
difficult, such as obtaining data suitable for training the network. 

After different attempts, the choice fell on the Minimum Mean Square 
Error Generative Adversarial Network (MMSE-GAN) and the PyTorch ML 
framework. We tried to retrieve the whisper spectrum from NAM signals 
basing both on MFCC (Mel filter bank for MFCC-FB40), and Magnitude 
Spectrum (Griffin-Lim phase) reconstruction. We considered both male plus 
female speakers and separate groups for different training sets. The method 
based on Magnitude Spectrum performed slightly better than the one based 
on MFCC, and spectrograms obtained from NAM samples showed some 
enhancement signs, but not enough robustness to be applied in real context. 


7.3.3 Dynamic Microphone Signal and NNs 


We abandoned the corpus obtained with a NAM microphone, and the 
technical choice fell on traditional dynamic microphone capsules, reduc- 
ing the steps to a single WTS transformation based on MMSE-GAN. At 
this stage, we therefore exploited the data described in the paragraph dedi- 
cated to corpora also trying the use of the cited fake-whisper corpora. 
However, the fake-whispered speech did not provide any added value, 
and we avoid deepening the description of these tests. Therefore, all the 
following architectures exploit the real whispered and normal-speech cor- 
pora (aligned syllables) mentioned above, including recited, elicited, and 
spontaneous speech. Regarding MFCC and Magnitude Spectrum recon- 
structions, both gave unsatisfactory results, although trying to reconstruct 
the Magnitude Spectrum seems to work better than MFCC, despite the 
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higher dimension of the system. FO prediction from a whisper tends to 
generalize better with small datasets, but the accuracy reached wasn’t 
good enough to choose this solution. 

Despite the fact that the WTS process provided spectrograms slightly bet- 
ter than those of the NAM-to-Whisper NN, the ML approach turned out to be 
unsatisfactory. In particular, generalizing the speech reconstruction process 
and making it work robustly for any speaker require an excessive amount of 
data in order to ensure a constant reliable reconstruction of the input. 


7.4 GENERATIVE APPROACH DESIGN 


In light of the previous results, we decided to completely overturn the 
approach and use the generative one, based on a tailor-made synthetic 
speech production algorithm. Results will be refined in the next months, 
but, to date, the resulting enhanced speech has come to an intelligibil- 
ity slightly lower than that of a natural one. Further improvements will 
concern the quality of the timbre because its results remain unnatural, 
although it assumes acoustic characteristics that perceptually link it to 
that of the single speaker. The current resulting HUM flowchart is shown 
in Figure 7.2 and described below. 


7.4.1 Implementation 


The architecture of the system in its last version is defined as follows. The work 
has been developed in Python and rewritten and optimized in C++ program- 
ming language in a second step. First, the microphone signal is acquired at 
chunks of 1024 samples, 50% hop size, 44100 Hz sample rate. Each chunk is 
then passed through an anti-Larsen filter to avoid audio feedback, in order to 
remove the need for earphones and allow use through audio speakers. The 
anti-Larsen filter is a spectral filter that compares the mean of each magnitude 
band of the signal with its total Magnitude Spectrum if the ratio of the power 
of a single band exceeds a threshold, a band-stop filter is set at the center fre- 
quency of the band, with a gain of -60 dB, to suppress the feedback. 

The chunk is further filtered with a first-order high-pass filter (100 Hz 
cutoff frequency) and then split into overlapping frames of 256 samples each 
with 50% overlap. The frames are windowed with two different methods: 


e Bartlett window for further audio usage of the data. 


+ Hamming window for Fast Fourier Transform (FFT) and Linear 
Predictive Coding (LPC) analysis. 
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FIGURE 7.2 HUM flowchart. 


The windowed frames are then stored into stacks along with the pre- 
viously computed frames, so that a 1024 sample chunk can always be 
reconstructed with an inverse overlap-add technique. Each new frame is 
further analyzed: the Root Mean Square (RMS) is computed, and formant 
frequencies, bandwidths, and amplitudes are calculated through LPC 
analysis. 

Formant frequencies F1 and F2 are lowered by a fixed factor of 100 Hz for F1 
and 150 Hz for F2, while F3 and F4 are left unaltered. Because of the instability 
of LPC with whispered speech, the resulting formant frequencies are rounded 
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into the canonical approximation of frequency ranges of each formant (Kent 
& Vorperian, 2018), and these features are stacked into their respective data 
structures. The next step of the algorithm is to smooth the values of the fea- 
tures acquired with moving average filters, since there is too much variability 
in the neighboring frame features. FO is then computed from the filtered RMS 
value according to methodology described in Morris & Clements (2002). 

If a frame is considered to contain whispered speech, a corresponding 
synthesized frame is generated according to the feature values of the frame. 
The synthesizer uses the technique of additive synthesis to generate up to 80 
partials, and the volume of each is set according to the formants of the frame. 

A filtered noise (4000 to 20000 Hz) is then added to the sine mix, 
and the result is windowed with a Bartlett window. With corresponding 
whispered and synthesized, 3 overlapping frames (50% overlap) of 1024 
samples are reconstructed with inverse overlap-add from the data stacks. 
This step is mandatory for the next processing because operating with 256 
samples would generate too much variability in the resulting speech. The 
FFT is computed on the whispered frames, and two magnitude masks are 
calculated for each by averaging the Magnitude Spectrum with two dif- 
ferent mean sizes, and then normalizing them. Each synthesized frame is 
transformed by FFT, each bin is multiplied by the two corresponding bins 
of the previous masks, then it is translated back to the time domain by 
Inverse FFT. The synthesized frames are finally windowed with a Bartlett 
window, and the output frame is calculated by inverse overlap-add. 


7.5 RESULTS AND FUTURE WORK 


Results were evaluated through a preliminary test of ten naive listeners, 
and a large-scale evaluation will be performed according to robust per- 
ceptual test models. Currently, the output results were intelligible, almost 
in real time, characterized by a “full” timbre similar to normal speech 
mood. The aspect to be improved remains the timbre quality in terms of 
agreeableness and similarity to natural speech. The more the spoken input 
is delicate, the clearer the reconstructed speech becomes: the speaker’s 
effort is thus minimized. Consequently, the user experience encourages 
the speaker not to emit too much air and minimize the uttering effort. 
Therefore, the next step will be collecting subjective perceptive assess- 
ments through structured and validated tests. In order to base the evalua- 
tion on already tested methodologies, the state of the art was investigated 
regarding intelligibility and pleasantness of the reconstructed speech 
in different contexts (e.g., Finizia et al., 1998; Lagerberg et al., 2014; 
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Van Nuffelen et al., 2009; Walshe et al., 2008). In parallel a spectral tuning 
will be carried out based on the real differences between whispered and 
normal speech, to shape formants, bandwidths, and other spectral features 
to the characteristic values or variability thresholds of real speech. 

To date, the objective and clinical identification of the target users who 
will benefit from HUM is under drafting. By addressing the solved prob- 
lem, we can effectively identify various medical issues that give rise to it, 
allowing us to profile potential beneficiaries and anticipate their future 
needs in real-life situations. A final testing in real contexts will permit to 
set this target and move towards the commercial phase of the project. 

HUM will then be injected in a miniaturized computer and VocalHUM's 
second step will begin. It will be focused on the design and construction 
of a tailor-made object. Some of the prerequisites have been collected dur- 
ing the first part of the project. Thus, a series of obsolete technological 
choices or poorly conforming to the future wearability of VocalHUM 
have already been excluded, so tracing the boundaries within which to 
move for the choice of components. For example, with regard to micro- 
phones, it will be necessary to place a miniaturized dynamic cardioid on 
the side of the mouth with a wire connection. It will be supported by an 
ultralight customizable headband, which depending on the position of 
the user can be replaced by a lateral single-ear support only. Regarding 
the micro-computer, the algorithm has been optimized for Raspberry Pi4, 
but a BELA” (audio-specific) will be tested soon. 

Future research developments on the algorithmic side will expand the 
possible users to laryngectomized speakers. Until a few years ago, due to 
the lack of technology, laryngophones and throat microphones (Liua, H., & 
Ng, M. L. 2007) were only used to amplify the signal uttered by the patient 
(Cohen et al., 1984), without considering the possibility to employ these 
sources to perform spectral analysis and reconstruction. Laryngophones 
and throat microphones were then successfully applied to voice activity 
detection and speaker recognition (Sahidullah et al., 2016, 2017) and, if 
combined with acoustic microphones, they were also used to partially 
reconstruct the speech spectrum (Erzin, 2009; Shahina & Yegnanarayana, 
2007; Turan, 2018; Zheng et al., 2003;). Despite extensive studies on this 
topic, the degraded speech produced by these patients is still very hard to 
understand. Although being psychologically important for users to have 
an acoustically acceptable voice, marketed tools are not so good from a 
qualitative and comfort point of view, at least not as much to reach large- 
scale success among patients. Thus, users are still constrained to employ 


164 m Machine Learning and Deep Learning in Natural Language Processing 


invasive devices, since hardware products are still limited to old-fashioned 
tools like artificial larynx and simple signal amplifiers, and companies do 
not seem to be interested in implementing new solutions. 


7.6 DISCUSSION AND CONCLUSION 


HUM has proven to be fine for target users who normally articulate their 
speech but who 


e Suffer from aphonia due to different, more or less severe and tempo- 
rary causes such as pneumonia, severe reflux, and deterioration or 
partial removal of the vocal cords; 


e Suffer from partial paralysis of the internal muscles and as a result 
are extremely tired when speaking. 


Testing in real context could even extend this pool to laryngectomized 
speakers or ones who do not pronounce some phonemes but who need 
help to express themselves through a preestablished vocabulary (because 
they are not able to pronounce whole sentences). The generative approach 
permits us to apply a WTS enhancement in real time, which is less plau- 
sible through ML techniques. To date, results have been satisfactory in 
terms of voice quality and feasibility allowing to move forward from an 
applied research perspective. 

Moreover, not only can HUM have immediate positive repercussions 
in clinics, but also in countless different areas whenever it is necessary to 
decode a muttered voice in real time, such as in pathology, forensics (e.g., 
in adverse investigative conditions), security (e.g., improving the speech of 
airplane pilots flying in critical situations), daily life, video game market, 
art, etc. The real-time algorithm for speech intelligibility enhancement 
will lay the groundwork for the development of further real-time applica- 
tions. In particular, being for the first time integrated into a commercial- 
ized healthcare system will make the testing process easier on a large scale, 
overcoming the typical issue affecting many prototypes. 

Moreover, HUM will be highly useful for collecting new whispered and 
murmured speech data to feed specific corpora, which are vital for medi- 
cal research and ML technologies. Also, its algorithmic component will 
encourage speech processing research, laying the groundwork to countless 
real-time applications in different fields (e.g., security, IoT, Al, clinical, etc.). 

VocalHUM will further lay the groundwork for real-time articulacy 
enhancement applications, specifically designed for aphonic and total 
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laryngectomized speakers who do not wish to install invasive voice pros- 
theses or use a laryngophone. Since laryngectomized users’ speech pres- 
ents different spectral information than the whispered/murmured speech, 
the algorithms developed during the first project will be upgraded and 
integrated to optimize the reconstruction, and in the management of 
unvoiced noises produced by the speaking apparatus. 


NOTES 


1. Rakshit, S. K., Keen, M. G., Bostick, J. E., & Ganci Jr, J. M. (2020). U.S. Patent 
No. 10,529,355. Washington, DC: U.S. Patent and Trademark Office; Kates, 
J. M. (1984). U.S. Patent No. 4,454,609; Zhang, M., Cao, K., Zeng, X., & Sun, 
H. (2020). U.S. Patent No. 10,811,030; Eisner, M., Huang, Z., & Duehren, D. 
(2015). U.S. Patent No. 14/561,026. 

. https://www.cerence.com 

. http://www.alango.com 

. https://advancedbionics.com/it/it/home.html 

. https://www.luminaud.com 

. http://www.griffinlab.com/catalog/ 

. https://www.atosmedical.com 

. https://ultravoice.com/electrolarynx-speech-device-works/ 

. https://www.liberliber.it/ 

. NAM-to-Whisper is the process that transforms the signal collected by the 
NAM microphone to the corresponding whispered speech audio signal. 

. Whisper-to-Speech is the process that transforms whispered speech into 
more understandable speech. 

12. https://bela.io/ 
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8.1 INTRODUCTION 


Deep Learning (DL) has slowly become an essential tool for Natural 
Language Processing (NLP). Apart from the impressive results on text 
processing [1,2], DL models allowed to improve the results of multiple 
speech-related applications, like Automatic Speech Recognition (ASR) 
[3,4], speaker identification [5], conditioned Text-to-Speech (TTS) synthe- 
sis [6-8] or speech emotion recognition [9]. 
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These DL models are particularly useful in the presence of small 
datasets or under-resourced problems (in terms of data and domain- 
knowledge availability). They allow to exploit techniques like transfer 
learning and fine-tuning [10], where the features computed by a DL neu- 
ral network model trained on a large generic dataset are re-used on a 
specific problem with a smaller dataset, generally resulting in improved 
performances. 

In this work, we focus on Parkinson’s disease detection from speech. 
We propose a probabilistic classification pipeline to detect if a patient is 
affected by Parkinson’s disease by analyzing voice recordings. To evalu- 
ate the generalization capabilities enabled by DL models for audio/speech 
feature extraction, we test them on a relatively small dataset of samples in 
Telugu. These settings represent a challenge due to the reduced dataset size 
and the scarce availability of language-specific analysis models. 

We divide this chapter into the following sections. In Section 8.2 we 
present the related works in terms of features for speech analysis and 
results on Parkinson’s disease detection from voice. In Section 8.3 we 
present the abstract classification pipeline we adopted, suggesting possible 
implementations of the various modules. In Section 8.4 we describe the 
dataset we collected to train and evaluate different classification models. In 
Section 8.5 we describe the implemented pipeline configurations we evalu- 
ated, and we report the results obtained during the evaluation. Finally, in 
Section 8.6 we summarize our work and suggest possible future evolution. 


8.2 RELATED WORKS 
In this section, we present the features commonly employed for speech 
classification, both traditional and DL based. 

Additionally, we present the latest results for Parkinson's disease detec- 
tion from speech. 


8.2.1 Features for Speech Analysis 


Traditionally, the speech features adopted for NLP are divided into two 
groups: prosodic and acoustic features [11,12]. The former group includes 
features used to describe peculiarities of speech, such as: Pitch, Intensity, 
Harmonicity, Jitter, Shimmer, Speech Rate, Short-Term Energy, Short-Term 
Entropy, etc. The latter group includes features used to describe the acous- 
tic properties of speech, such as: Spectrogram (magnitude or power), Mel- 
spectrogram, Mel Frequency Cepstral Coefficients (MFCC), Spectrogram 
statistics (centroid, spread, flux, rolloff, entropy), Chromagram, etc. 
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More recent approaches, instead, propose to re-use DL models trained 
on large data collections. The internal representations learned by these 
models are particularly informative and can be directly transferred or 
easily adapted to many new problems. The most popular models in this 
sense are SoundNet [13], VGGish [14], and Wav2Vec [3, 15]. The first two 
are very generic models, though for acoustic analysis not necessarily 
aimed at speech. SoundNet is a 1D Convolutional Neural Network (CNN) 
trained to predict from the audio track of video clips the pseudo-labels 
generated from an object recognition deep neural network and a scene 
recognition deep neural network that processed the images of the video 
clips. VGGish, on the other hand, is a 2D CNN trained on a large audio 
classification dataset containing a large number of labels and samples. 
Instead, both versions of Wav2Vec were specifically designed for speech 
analysis problems and were originally used as input for state-of-the-art 
ASR models. 


8.2.2 Parkinson’s Disease Detection from Speech 


Parkinson’s disease detection from speech has already been explored as a 
Machine Learning (ML) problem. 

More sophisticated solutions also adopted dimensionality reduction 
techniques to feed more compact and informative feature vectors (encod- 
ing the input speech signal) to the classifiers. Different classification algo- 
rithms, like Artificial Neural Networks, Support Vector Machines, and 
k-Nearest Neighbors, have been adopted for this detection problem [16- 
23]. Usually, these solutions involved the extraction of prosodic and acous- 
tic features (mainly MFCC, Jitter, Shimmer, and Pitch), which allowed to 
train discriminative models with impressive results. In some cases, these 
features were further processed through dimensionality reduction trans- 
formations to keep only the most relevant components of the vectors 
encoding the audio clips to classify, which resulted in further improve- 
ments is some cases. 

Recent results also explored the effect of DL features to train a clas- 
sifier for this Parkinson’s disease detection problem [19], reaching more 
than 80% recognition accuracy on a dataset of English audio clips, outper- 
forming the other considered classifiers based on spectral features. Other 
works started focusing on building classifiers compatible with multiple 
languages [20]; the results showed that acoustic and spectral features can 
be used to build high-performing classifiers (reaching more than 90% rec- 
ognition accuracy) on English and Italian. 
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All these works relied on larger datasets like Mobile Device Voice 
Recordings at King’s College London (MDVR-KCL) from both early and 
advanced Parkinson’s disease patients and healthy controls [24] and Italian 
Parkinson's Voice and Speech [25,26], which account for more than 1 h of 
recordings. In our case, we are dealing with a much smaller dataset; thus 
we are interested in seeing if and how much performance degrades when 
using similar classification pipelines. 


8.3 PROPOSED MACHINE LEARNING PIPELINE 


In this section, we describe the classification pipeline we propose for 
Parkinson’s disease detection from speech; we depicted the pipeline in 
Figure 8.1. We compose each of the stages of the pipeline (pre-processing, 
feature extraction, and classification) of different modules. The choice of 
specific module implementations allows to instance the proposed pipeline 
into a classification model, which can be trained and evaluated. 


8.3.1 Pre-Processing 


In our pipeline, we considered two pre-processing steps: segmentation and 
denoising. Both steps prepare the raw data for the feature extraction stage. 
Segmentation consists of the splitting of the audio clip in presence of 
longer pauses, which generally mark the end of an utterance. This step can 
be done by hand (however, it may require a lot of time) or automatically. 
In the latter case, it is better to do it after denoising, to avoid errors due 
to additional sounds present in the recording that overlap with the voice. 
The denoising module takes care of removing (as much as possible) addi- 
tional signals in the input audio clip which overlap with the voice to ana- 
lyze. State-of-the-art solutions use DL models trained on many hours of 


Feature map Hidden 
computation transformations 
Segmentation 
Input speech Chunking Vectorization 


Output label 


Denoising 


Standardization Discriminator 


Features 
Pre-processing extraction Classification 


FIGURE 8.1 Visualization of the abstract classification pipeline. 
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data and can achieve impressive results. This is an important step; due to 
the reduced size of the dataset we are working with, we cannot expect the 
classification models to generalize and learn implicitly to ignore the noise. 


8.3.2 Features Extraction 


Features extraction is the core stage of our pipeline. The main step at this 
stage is the computation of the feature map, which, after the appropriate 
post-processing steps is the actual input of the classification model. 

Each pre-processed input speech signal undergoes a transformation to 
extract a feature map. Traditionally data samples for ML are represented 
byade N feature vector. However, for some problems like speech or image 
analysis, it is possible to leverage the spatial structure of the input and 
generate a feature map. In our case, from a speech signal, we can compute 
a feature map that is a sequence of feature vectors (each computed in a 
specific time window of the input signal) that can be encoded in a matrix 
X e R”, where t is the number of time positions and d is the number of 
features for each vector. DL models, as well as algorithms to compute tra- 
ditional prosodic and acoustic features, iteratively transform the raw input 
signal to obtain a feature map. 

Depending on the duration of the input audio clip, we considered the 
possibility of an intermediate chunking module. To avoid processing too 
large segments of audio, which can be computationally expensive and 
may harm the results in the presence of shorter input, we introduced an 
optional chunking step. The feature maps can be chunked into smaller 
windows along the time axis, to process smaller portions of the input 
speech. In this way, from the same segment, it is possible to extract mul- 
tiple samples for the classifier. 

The last step in the features extraction stage is standardization. This 
transformation is used to mean-center the data and impose a variance of 1 
for all the features individually. Standardization is used to have the same 
scale on all the features, which helps the convergence and stability of the 
learning algorithm used for classification. There exists some robust ver- 
sion of this transformation using, for example, the median instead of the 
mean for centering. 


8.3.3 Classification 

The last step of the proposed pipeline is a CNN classifier [27]. We approach 
the problem as a supervised binary classification problem. In input, we 
have a feature map extracted from an audio clip of human speech, and in 
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output, we have the probability for that clip to correspond to a Parkinson’s 
disease patient. We report a diagram of the considered architecture in 
Figure 8.2. 

The CNN is composed of a hidden transformation h(-), composed of 
convolutional blocks. These transformations process the input feature 
map X eR”? transforming it into another feature map H eR" to 
be used for the final classification. The convolutional blocks contain, in 
order, a 1D convolutional layer, a ReLU(-) activation and a max pooling 


Output probability 


Hidden transformations 


sm DOOOO 
QDODOO 


> time 


Input feature map 


FIGURE 8.2 Convolutional Neural Network classifier architecture. 
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transformation to reduce the spatial dimensionality of the feature map. 
Optionally, we considered an initial average pooling transformation to 
reduce the spatial dimensionality before the convolutional blocks. This 
optional transformation is useful when dealing with highly dense feature 
maps like those from handcrafted features or from Wav2Vec 2.0. 

After the hidden transformation, we apply a vectorization transforma- 
tion. The role of this transformation is to drop the spatial dimension and 
convert the feature map H e R' into a feature vector h e R” to be classi- 
fied. We considered the following vectorization approaches: flattening (or 
unrolling), Global Average Pooling (GAP) [28], and Global Max Pooling 
(GMP) [28]. 

The last layer of the CNN is a linear transformation that maps the fea- 
ture vector he R” into a scalar value. This value is passed through a sig- 
moid activation function to have the output probability score. 


8.4 DATA 


As discussed, in this work we adopted a dataset of audio clips collected 
from Telugu speakers. Two reasons behind this choice are: we wanted to 
establish a baseline, and we wanted to see if DL features for speech analysis 
allow generalizing on under-resourced languages and small datasets, like 
in this case. 

The dataset we adopted is composed of two parts. The samples from 
Parkinson’s disease patients come from a private dataset, composed of 12 m 
39 s of audio recordings. To balance this dataset with samples from healthy 
persons (in the sense of speakers not affected by Parkinson’s disease), we 
gathered the audio samples from the delta segment of the Telugu split of 
the Open Speech and Language Resources (OpenSLR) corpus [29], which 
accounts for 15 m 35 s of recordings. The total amount of available data 
is 28 m 14 s. In terms of samples, we collected a total 281 audio clips, 
200 from patients in healthy conditions and 71 from patients affected by 
Parkinson’s disease. 

Before processing the audio clips with the feature extraction modules 
of our pipeline, we manually segmented those clips. We split the record- 
ings on longer pauses, which we associated with utterance boundaries. In 
Figure 8.3 we displayed the distribution of the audio clip lengths after the 
manual segmentation. As can be seen, audio clips of Parkinson’s disease 
patients cover a wider duration range than those from healthy patients. 
This difference is primarily due to the different sources of the data sam- 
ples, other than the articulation difficulties due to the disease. 
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FIGURE 8.3 Distribution of audio clips duration after segmentation. The green 
line is the overall distribution including all samples. 


As we explained in Section 8.3, the speech samples are analyzed in 
smaller chunks, to prevent overfitting of the classifiers, given the reduced 
size of the dataset. 


8.5 EVALUATION AND RESULTS 

In this section, we describe the experiments we conducted on different 
models, and how we evaluated their performances. Additionally, we pres- 
ent and comment on the obtained results. 


8.5.1 Experiments 

Our experiments were mainly to compare different modules for the fea- 
ture extraction stage, in order to identify the most suitable features for 
Parkinson's disease from speech on the considered Telugu dataset. In 
this sense, we compared different feature map computation approaches, 
analyzing the results obtained using features from different DL models. 
Additionally, we explored different vectorization algorithms, applying 
them to the extracted feature maps. 
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In the pre-processing stage, after the manual segmentation step to iso- 
late the different utterances in the same recording, we used a denoising 
application to enhance voice and remove background noises that could 
have affected the classifier. We employed the RNNoise [30] tool to denoise 
the input speech segments. 

For the feature extraction stage, we compared three different pre- 
trained DL models for acoustic features extraction: SoundNet, VGGish, 
and Wav2Vec 2.0. To have a term of comparison with these DL features, we 
also trained some models using traditional (handcrafted) speech analy- 
sis features. Following recent work on Parkinson’s disease detection from 
speech in English [20], we adopted the following prosodic and acoustic 
features: MFCC, Pitch, Jitter (absolute, relative, rap, and PPQ5), Shimmer 
(absolute, absolute dB, relative, APQ3, and APQ5), Harmonicity. We con- 
catenated these prosodic and acoustic features into a single, d-dimen- 
sional, feature map. 

We applied chunking to the feature maps resulting from features extrac- 
tion using non-overlapping windows of 4 s. We applied padding to make 
sure that all windows ended up composed of 4 s data. We extended both 
sides of the feature map (before the chunking step), replicating the value 
on the border. We repeated the values so that the input sequence of fea- 
tures could be decomposed into an integer number of chunks. For all the 
considered input features, we applied standard scaling, computing mean 
and variance of the individual feature vectors composing all the feature 
maps. 

After chunking, we obtained 538 samples, 315 from healthy people and 
223 from patients affected by Parkison’s disease. We applied minority 
oversampling to balance the dataset. 

Concerning the CNN, we used a standard stack of 1D convolutional 
layers with non-linear activation as hidden transformation, followed by 
the vectorization operation and a final linear classification layer. As antici- 
pated in Section 8.3.3, we considered flattening, GAP, and GMP as vector- 
ization transformations. For each input feature-vectorization algorithm 
pair, we searched for the best hyper-parameters configuration of the CNN 
using five-fold cross-validation. We considered 1, 2, or 3 convolutional 
blocks and either 512 or 1024 output channels for the convolutions. We 
used a constant kernel width of 3 for all configurations. We trained the 
CNN using the Adam optimizer, in the cross-validation step we consid- 
ered as learning rates 10 and 5-10~*. To prevent overfitting, we used drop- 
out with a probability of 10%. 
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TABLE 8.1 Confusion Matrix 


Predicted Positive Predicted Negative 
Labelled positive TP FN 
Labelled negative FP TN 


8.5.2 Evaluation Approach 


To ensure a correct evaluation of the model performances, we split the 
audio segments into train and test, with a 75-25% split. We used the same 
training and testing subsets with each of the proposed models (i.e., pipe- 
line implementations). For each model, we computed the common met- 
rics used in ML for classification and information retrieval problems [31], 
defined starting from the confusion matrix. 

Referring to the confusion matrix in Table 8.1, we introduce the follow- 
ing definitions: 


+ TP= True Positive (i.e., positive values correctly predicted as such) 


+ TN = True Negative (i.e., negative values correctly predicted as such) 


FP = False Positive (i.e., negative values predicted as positive) 


+ FN = False Negative (i.e., positive values predicted as negative) 


Given that this is a Parkinson's disease detection problem, we associate 
the positive class with the disease condition and the negative class with the 
healthy condition. 

To assess the quality of the trained classification models, we computed 
the following metrics: 


= TP+IN 
e Accuracy = Tp+IN+EP+EN 


e Precision = zp (i.e., positive predictive value) 
e Recall= y (i.e. sensitivity, hit rate, true positive rate) 
e Specificity = ¿Pipli.e., selectivity, negative class recall true negative 


rate) 


2 - precision - recall 
precision+recall 


e F-score= (i.e., sensitivity, hit rate, true positive rate) 


e AUC (Area Under the Curve of the Receiver Operating Characteristic) 
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8.5.3 Results and Comments 


We reported the measured metrics on the test split in Figure 8.4. All mod- 
els managed to achieve good performances despite the reduced dataset 
size: in most cases, we achieved scores for all metrics >95%. All features 
showed to be independent from the pooling approach, reaching similar 
results across the different vectorizations algorithms. 

Concerning DL features, VGGish and Wav2Vec 2.0 achieve the overall best 
results. On the other hand, SoundNet produced the worst results. In all cases 
where the classifiers produce worse results, we can notice that the recall score 
is lower than the precision one. Thus, we can hypothesize that, in those cases, 
the unbalance in the number of negative samples (corresponding to healthy 
patients) influenced negatively the model, causing the increase of false negatives. 

Interestingly, the handcrafted features perform comparably to VGGish 
and Wav2Vec 2.0. In fact, despite the small dataset, we managed to achieve 


Input features: Prosodic and Acoustic, Input features: VGGish, 


Input features: SoundNet, Input features: Wav2Vec 2.0, 
‘ gPeoling approach: Avg. pooling Pooling approach: Avg. pooling 


Pooling approach: Avg. pooling Pooling approach: Avg. pooling 


0.8 


0.6 


Score 
Score 
Score 
Score 


0.4 


0.2 


0.0 


Metric Metric Metric Metric 


Input features: Prosodic and Acoustic, Input features: VGGish, 


Input features: SoundNet, Input features: Wav2Vec 2.0, 
Pooling approach: Max pooling Pooling approach: Max poolin 


O Pooling approach: Max pooling Pooling approach: Max pooling 


0.84 1 | 


Score 
Score 
Score 


0.0 


Metric Metric 


Metric 


Metric 


t features: Prosodic and Acoustic, Input features: VGGish, Input features: SoundNet, Input features: Wav2Vec 2.0, 
6 Pooling approach: Flattening Pooling approach: Flattening Pooling approach: Flattening Pooling approach: Flattening 


Score 
Score 
Score 


SS EF SF OS SS SF SF OS SS SF SF OS 
SS eH ES OF SS AS F g oe oF 
ee © gs L we es © gg & we © ge & 
Metric Metric Metric Metric 


FIGURE 8.4 Results of the different tested configurations. Each row corresponds 
to a different pooling (vectorization) approach, each column corresponds to an 
input feature. 
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almost a perfect score (which is not possible). This hints that the few hand- 
crafted features encode very useful information for the task. 


8.6 CONCLUSION 


In this chapter, we approached a speech analysis problem, Parkinson's 
disease detection from voice, using a ML pipeline. We evaluated differ- 
ent feature extraction approaches, comparing traditional prosodic and 
acoustic features against features computed by deep neural networks. We 
used the extracted features to fit a CNN classifier. All the experiments 
were conducted on a relatively small dataset of audio clips collected from 
Telugu speakers. We achieved equally good results using both deep fea- 
tures and, surprisingly, using handcrafted features. The reported scores 


are in line with those achieved on bigger datasets, showing that even 
with low resources DL models can yield good generalization capabili- 
ties. Nevertheless, handcrafted features showed to be capable of yielding 
valid results, comparable to those of the deep models, despite the reduced 
dataset size. This hints that DL solutions for audio processing still need to 
become an irreplaceable tool. For the sake of reproducibility, we are shar- 
ing the source code via GitHub". 

Concerning future direction, we are willing to explore different learn- 
ing paradigms to improve the detection results. On one hand, we are con- 
sidering exploiting regularities within data and seeing if unsupervised 
learning may lead to better results. Ideally, the similarities and dissimi- 
larities between samples may be used to feed a clustering algorithm, allow- 
ing, possibly, to group automatically samples from healthy patients and 
patients affected by Parkinson’s disease. On the other hand, we are con- 
sidering anomaly detection approaches. In fact, given that there are many 
more available samples of speech from healthy people, it would be possible 
to detect samples of speech from Parkinson’s disease patients as outliers to 
the distribution of the regular data. 


NOTE 


1. https://github.com/vincenzo-scotti/voice_analysis_parkinson 
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9.1 INTRODUCTION 


Mental illness is one of the most pressing public health issues of our time. 
Economic constraints, social stigma, and scarce availability of profession- 
als require, on one hand, to augment clinical support and quality, and on 
the other hand, to create instruments able to augment treatment and to 
enrich training and supervision methods. 

Psychotherapy and its clinical interactions should also be considered a 
rich and special field for testing Natural Language Processing (NLP) and 
Machine Learning (ML) research efforts, with a special attention to the 
algorithms used to realize Conversational Agents (CAs) as adjoint thera- 
pists or supervisors, supporting different aspects of the therapeutic process 
(diagnosis, treatment, evaluation of the process and its results, support for 
training and supervision of specialists). 

The use of CAs in the field of mental health and psychotherapy is in 
the early stages of development, particularly when compared with other 
application sectors. This chapter helps to understand the reasons of this 
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delay and suggests some strategies that could be adopted to compensate 
for it, paying particular attention to the quality of the psychotherapeutic 
process. 

The chapter analyzes and discusses literature dealing with CAs 
supporting the mental health domain, with a special focus on psycho- 
therapy and psychological support, evaluation of strategies and sys- 
tems, analysis of clinical interactions, and training and supervision of 
professionals. 

The chapter discusses several proposed models, some of which are 
available as research frameworks, prototypical solutions, or commercial 
systems, and others are still neglected or simply addressed as important 
for future research. 

Many studies have been conducted, and many solutions have been pro- 
posed at different levels (from the clinical or from the AI points of view), 
but some critical aspects make it quite complex to analyze the literature; 
for example, from data privacy, to the evaluation of safety of therapeutic 
processes, to the multidisciplinary knowledge needed to model and evalu- 
ate clinical interactions, to the development of complex strategies, and to 
the evaluation of results, when not only micro-interventions are planned, 
etc. 

Today, NLP and ML allow us to treat a huge amount of data, but clini- 
cal corpora are still not available or are quite limited, due to very restric- 
tive therapeutic protocols and very specialized domains. Corpus samples 
are often too few to calculate robust evaluation figures and the develop- 
ers often do not compare their results with others, in a satisfactory way 
(e.g., between frame-based, supervised, and unsupervised algorithms). 
Sometimes, authors use private corpora, or the technical specifications of 
the proposed systems are not accessible. 

Human-like interaction - imitated or complemented by CAs - is a 
central aspect of the chapter: both from the psychotherapeutic and the 
CA, NLP, and ML points of view. In particular, it’s clear the relevance 
of empathic-oriented behaviors, sentiments (and emotion analysis), 
prosodic and “mirroring” competencies, in the context of evidence- 
based protocols that try to ensure the efficacy of augmented psycho- 
therapeutic strategies and the subjects’ and therapists’ adherence 
to them. 

A multidisciplinary approach to those aspects will contribute to a new 
generation of (possibly embodied) CAs for psychotherapy, being able to 
orient the future research directions. 


186 m Machine Learning and Deep Learning in Natural Language Processing 


9.2 APPLICATIVE DOMAIN AND 
PSYCHOTHERAPEUTIC USE OF CAs 


9.2.1 The PCC Approach, Ethics, and Safeness Using Al Solutions 


Attention to the Patient-Centered Care (PCC) paradigm [Balint, 1969], 
to ethics principles, and to the safeness of interactions involving CAs (in 
particular, in a critical applicative domain like the mental health interven- 
tion), is orienting the most innovative research, system development, and 
their evaluation. The present chapter emphasizes those aspects, presenting 
different models and proposed solutions. 

As a general overview, most proposed CAs address mood, anxiety, 
depression, Post-Traumatic Stress Disorder (PTSD), drug abuse, and 
Autistic Spectrum Disorder (ASD), while relatively few of them address 
schizophrenia, dementia, phobic disorders, psychosis, stress, eating dis- 
orders, obsessive-compulsive disorder, and bipolar disorder [Abd-Alrazaq 
et al., 2019, Abd-Alrazaq et al., 2020, Abd-Alrazaq et al., 2021]. Moreover, 
many referred clinical interventions are based on Cognitive Behavioral 
Therapy (CBT) and evidence-based methodologies. 

Al solutions - involving frame-based, rule-based, ML statistical super- 
vised or unsupervised algorithms, or, more recently, Deep Learning-based 
approaches - have been proposed with different clinical goals: diagnosis, 
prognosis, learning of skills, counseling, treatment, post-treatment rein- 
forcement, detection and monitoring of potential biomarkers, results anal- 
ysis, training of specialists, gender identity support, personal narrative 
encouragement, and perception and communication of intimate behavior. 
This chapter will present a reasoned selection of them, with a particular 
focus on NLP-based and ML-based autonomous CAs for psychotherapy 
and training. 


9.2.2 Autonomous CAs for Psychotherapy 


Despite the fact that, in the current public perception, the topic of new 
technologies in the field of mental health is fraught with reservation and 
fear [Bendig et al., 2019], research into the psychotherapeutic application 
of autonomous (embodied) CAs (sometimes called chatbots) is emerging: 


The field is characterized by a large variety in all its aspects, for 
example, type of intervention, target behavior, platform, ECA 
embodiment, communication modalities, ‘ECA’ mental states, 
and study design. 
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While there are several studies surpassing the development and 
piloting phases, as might be expected in a relatively new field, evi- 
dence about the clinical effectiveness of ECA applications remains 
sparse. Technologically advanced ECA applications are very 
interesting and show promising results, but their complex nature 
makes it difficult for now to prove that they are effective and safe 
to use in clinical practice. 


At the present, their value to clinical practice lies mostly in the 
experimental determination of critical human support factors. In 
the context of using ECAs as an adjunct to existing interventions 
with the aim of supporting users, important questions remain 
with regard to the personalization of ECA’s interaction with users, 
and the optimal timing and manner of providing support. 


From Provoost et al. [2017] 


Let us define two important concepts: autonomy and embodiment of the 
CAs when involved in psychotherapy. 


e Autonomous CAs are applications that do not need any human inter- 
vention to interact with the user (in our case, the client of the thera- 
pist); they understand the user’s sentences and are able to generate 
suitable responses according to some therapeutic criteria. 


e The capacity of the CA to simulate human-like multimodal interac- 
tion is what makes it embodied. 


But “human-like multimodal interaction” could mean quite different 
things. In fact, one could refer to the multimodality aspect (text, voice, 
facial expressions, body gestures, etc.) or to the human-like aspect (abil- 
ity to manage emotions, empathy, mirroring, etc.) up to a (more or less) 
realistic virtual (or robotic) body, maybe enriched by esthetic attributes, 
personality, and interaction style. 

Many of the previous points are important research topics. 
Understanding what is better to realize and imitate, and what is useless (or 
even perceived as threatening), with respect to the human-like aspect, is 
still discussed, in particular when dealing with psychotherapy. 

From this point of view, it is important to note that more is not 
always better. For example [Vaidyam et al., 2019] agree with [Ardito 
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and Rabellino, 2011] by saying that speech is more important for some 
clients to create empathic interactions than a 3D avatar. Moreover, 
note that the visual contact is treated quite differently by diverse 
psychotherapeutic models (e.g., the couch in psychoanalytical interven- 
tion avoids visual contact to facilitate the processing of unconscious 
content). 


9.2.3 Guided/Unguided/Augmented Psychotherapeutic Interventions 


As we will see, NLP and ML models can be used for realizing some com- 
ponents of CAs, but also for analyzing results and different intervention 
styles of psychotherapists, for supporting training and supervision of psy- 
chotherapists, and for providing real-time or post-session instruments to 
analyze human-human and human-machine interactions (to learn better 
methods for dialogue management, and more conversational flexibility 
and efficacy with different goals). 

From Internet- and Mobile-based Interventions (IMIs) to CAs, while 
numerous studies found [Andersson et al., 2014; Carlbring et al, 2018 
quoted in Bendig et al., 2019] that these interventions -often using cog- 
nitive-behavioral techniques - show comparable effectiveness to classical 
face-to-face psychotherapy, and that problems such as anxiety and depres- 
sion can already be effectively addressed in this way, CAs capable of more 
complex interventions are still lacking (i.e., ones relying on other psy- 
chotherapeutic models, not only based on behaviors but also considering 
meanings or unconscious aspects of the narrative, or complex relational 
aspects as transfer and counter-transfer). 

CAs are involved in psychotherapy in a guided or unguided way. The 
guided approach typically involves licensed health professionals and is 
usually more clinically effective than the unguided approach. Moreover, 
guided interventions have been discovered to improve adherence and 
thus the effectiveness of the psychotherapy [Provoost et al., 2017]. The 
authors underline that the unguided interventions (applications in which 
the CA is used as an adjunct to an intervention that could also have been 
used independently) are mostly CBT-based programs, educational aids, 
and self-management interventions, whereas guided interventions are 
mostly about training of social interaction skill, and counseling. More 
complex psychotherapeutic interventions, which globally and system- 
atically preview the complementary roles of psychotherapist and CA, 
are now under study and evaluation, and are sometimes referred to as 
augmented psychotherapy. 
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9.2.4 Sentiment, Emotions, and Empathy: Richness 
of Therapeutic Interactions 

From Picard’s pioneering studies [Picard, 1997], much research has been 
done on sentiment and affective computing as a fundamental component 
of meaningful human interactions. Only recently more adequate models 
are trying to include empathy, which is the capacity to relate to another’s 
emotional state, and which allows to enhance the interaction in different 
applicative domains such as education, gaming, training, companionship, 
and clinical interventions (the focus of this chapter). 

As emphasized by Yalcin [2018] and showed by studies conducted so far, 
empathic CAs lead to more trust, are able to manage longer interactions, 
help cope with stress and frustration, and increase engagement. 

New multilevel models of empathy [Asada, 2015; Morris et al., 2018; 
Yalcin, 2018] underline its role in processes involving the building and 
transformation of self in relation with others, personality, and personal 
and group well-being, in agreement with psychology, neuroscience, and 
models described by biologically inspired studies [Damasio, 2010, 2021; 
Panksepp and Biven, 2012; Panksepp and Davis, 2018]. 

But important questions remain and will motivate future research 
[Yalcin, 2018]: how can we model empathy in CAs, and what are the 
requirements/components for an empathic CA? How can an empa- 
thy model be simulated in an embodied CA? How can we evaluate an 
empathic CA? From the theoretical and the empirical background on 
empathy, Yalcin (among others) proposes to categorize the component 
of empathy as follows: emotional communication competence (emotion 
recognition, emotion expression, and emotion representation), emo- 
tional regulation (self-related modulation factors as mood and personal- 
ity, and relationship-related modulation factors as affective link, liking, 
and similarity), and cognitive mechanisms (appraisal and re-appraisal, 
theory of mind, simulation theory, and self and other oriented perspec- 
tive-taking). With the goal of creating a dynamic empathic CA able to 
interact with the user in real time, Yalçin also underlines the impor- 
tance of considering the emotional communication competence as the 
foundation of empathic behavior and how it changes the perception of 
empathy during interaction. AI interactive systems use the answers to 
these questions to develop CAs able to act empathically and to evoke 
empathic responses in the user. 

Empathic CAs in psychotherapy are actually studied by many research- 
ers, both from the clinical and the technological points of view, as 
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interesting and challenging frontiers of AI, NLP, and ML. Even if truly 
empathic CAs are not yet available, many studies contribute to model and 
implement ML-based CA sub-components devoted to emotion, intention 
recognition, complex goals achievement, and relational syntonic modu- 
lation, allowing a richer evaluation of the involved innovative solutions. 
Between them, the already quoted [Yalcin, 2018] and [Morris et al., 2018] 
and the last studies published by the author’s NLP laboratory members 
[Scotti et al., 2021; Scotti, 2023]. 


9.3 CLINICAL, TECHNICAL, AND USER EXPERIENCE 
EVALUATION 

The complexity of the considered domains reflects on evaluation complex- 
ity, where clinical, technical, and user experience evaluation need to be 
measured in a quantitative and/or qualitative way. Generic evaluation cri- 
teria of CAs - such as practicability, feasibility, and acceptance - should be 
extended with effectiveness, sustainability, and especially safeness [Bendig 
et al., 2019]. 

As underlined by Provoost et al. [2017], on one hand, usual principles 
used to evaluate CAs - such as the engagement with the agent - shouldn't 
be considered enough; on the other hand, clinical specific principles - 
such as treatment adherence (of the patient and/or therapist) - could 
be too simplistic when not considered in connection with effectiveness. 
Furthermore, many CAs for therapy are still in a piloting phase and 
more complex evaluation methodologies have to be defined to respect the 
requirements of the UK Medical Research Council (MRC) framework for 
complex interventions [Craig et al., 2008]. 

Laranjo et al. [2018] underline the heterogeneity in evaluation methods 
and measures and the predominance of quasi-experimental study designs 
over Randomized Controlled Trials (RCTs). Most of the research in the 
area evaluate task-oriented CAs that are used to support patients and 
clinicians in highly specific processes. The only RCT evaluating the effi- 
cacy of a CA found a significant effect in reducing depression symptoms 
[Fitzpatrick et al., 2017]. Two studies comparing diagnostic performance 
of CAs and clinicians found acceptable sensitivity and specificity [Philip 
et al., 2014; Philip et al., 2017]. 

The evaluation of efficacy in reducing symptoms, sensitivity, and speci- 
ficity are often obtained with the heterogeneity of evaluation methods and 
measures, and the predominance of quasi-experimental study designs 
over RCTs. Most research studies evaluate task-oriented CAs that are used 
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to support patients and clinicians in highly specific processes. Three types 
of evaluation have been adopted and guided the selection of the analyzed 
papers in Laranjo et al. [2018]: 


+ Technical evaluation: objective assessment of the technical proper- 
ties of the CA as a whole, and evaluation of its individual compo- 
nents (e.g., reported figures of technical performance such as the 
proportion of successful task completions and the recognition of 
accuracy.) 


+ User experience: the overall user satisfaction is usually evaluated, but 
the properties of components can be asserted too by means of quali- 
tative (e.g., focus group) or quantitative (e.g., survey) methods. 


+ Health research evaluation: health-related results are presented in the 
study, including process and outcome measures. For example, effec- 
tiveness in symptom reduction, diagnostic accuracy, narrative skills, 
mental health symptoms disclosure, behavior change, and adherence 
to self-management practice (via qualitative methods). 


In addition, to fully describe a CA, other important characteristics 
should be reported by Provoost et al. [2017]: 


+ Development phase: development, piloting, evaluation, and 
implementation. 


e CA’s communication modalities: speech, facial and gaze expressions, 
hand and body gestures, text, and touch. 


e User's communication modalities (that CA is able to detect): speech, 
facial and gaze expressions, hand and body gestures, text, and touch. 


+ Personalization: static user model, dynamic user model, menu-based 
dialogue, and natural language dialogue. 


+ Platform: serious game, stand-alone software, robotic, virtual reality, 
and web-based. 


e Interventions: social skill training, educational aid, psychotherapy, 
CBT, counseling, and self-management. 


e Social role: social interaction partner, tutor, coach, and health care 
provider. 


192 m Machine Learning and Deep Learning in Natural Language Processing 


+ Outcomes: non-clinical (usability, satisfaction, usage) and clinical 
(behavioral, self-report, knowledge). 


e Study participants 


To improve reporting of studies, and to enable readers to assess the 
quality of studies, combine results and interventions, Laranjo et al. 
[2018], and Abd-Alrazaq et al. [2019] recommend following standards 
such as CONSORT-EHEALTH [Eysenbach, 2011], TREND [Des Jarlais 
et al., 2004], and STARD [Bossuyt et al., 2015]. Furthermore, Vaidyam 
et al. [2019] underline that the WHO mHealth Evidence Reporting and 
Assessment (mERA) framework [Agarwal et al., 2016] should help to 
choose future CA attributes that currently lack consensus. This could 
contribute to avoid another problem related to validation: many health- 
related CAs on the market have not been empirically validated [Bendig 
et al., 2019]; the certification of therapy-relevant CA as “medical device” 
could resolve this problem, as medical devices need to obtain the CE 
(Conformitée Européenne) label [Rubeis and Steger, 2019 quoted by 
Bendig et al., 2019]. 

Finally, the Aafjes-van Doorn etal. [2020] review - focused on ML-based 
CAs and frameworks for psychotherapy - underlines further important 
aspects that should be considered for evaluation and reporting. Quoting 
from it and analyzed studies, the following: 


1. The sample size: ML algorithms require larger sample sizes than tra- 
ditional statistical methods but exactly how large remains unclear 
(and discussed). If a relatively small number of participants is 
involved in experiments, there is the risk that the model will be over- 
fitted, that is, specific of that dataset, and not accurate in making 
predictions in a new dataset. 


2. The model performance: is it possible to compare performances of 
ML based modules with traditional statistics ones? Should they be 
both applied to identify different variables? Are numeral results from 
both directly comparable? The discussion is open [Atkins et al., 2012]. 


3. The evaluation metric and what is considered an acceptable level of 
accuracy depends on what the algorithm will be used for (i.e., in pre- 
dicting suicidal ideation, one might want to have a model that mini- 
mizes false negatives over minimizing false positives). 
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4. As is true for any ML application, the size and quality of the data 
limit model performance [Graham et al., 2019]. ML internal and 
external cross-validation should be done and specified. 


5. Assessing big data confidentiality and protecting identities need 
research: with the large samples sizes and range of data types and 
sources, identities can be reconstructed by combining pieces of infor- 
mation, each of which would not be enough to identify a person but, 
combined, would allow individuals to be identified [Berman, 2013]. 


6. Currently, there appears to be a lack of guidance on development of 
ML applications, their clinical integration and training of psycho- 
therapists, as well as a ‘gap’ in ethical and regulatory frameworks 
[Fiske et al., 2019]. Institutional Review Boards may also have limited 
knowledge of emerging ML methods and applications, which makes 
risk assessment inconsistent. 


N 


Interpreting multiple latent variables (e.g., in deep learning) is com- 
plicated, and more work is required to bridge the gap between ML 
in psychotherapy research and clinical care. Accessible ML educa- 
tion and tool development is required to facilitate understanding and 
usage in the wider clinical research community. 


From Aafjes-van Doorn et al. [2020] 


9.4 SURVEYS, SCOPING REVIEWS, AND FIRST SYSTEMS 
FOR PSYCHOTHERAPY 


9.4.1 Recent Scoping Reviews 


Papers referring to the emerging usage of CA for mental disorders have been 
published in different domains (from psychology to computer science, from 
medicine to interdisciplinary databases, etc.), making it quite difficult to col- 
lect a specific literature. Thus, recent scoping reviews are particularly useful; 
Provoost et al. [2017]; Laranjo et al. [2018]; Bendig et al. [2019]; and Vaidyam 
et al. [2019] will be presented in this section, while Aafjes-van Doorn et al. 
[2020] in the following one. Such reviews map - in different moments and 
from different points of view — the key concepts underpinning the AI and 
CA research area, when applied to mental health and clinics, and the main 
sources and types of evidence that are available. They address broader topics 
where many different study designs might be applicable, and do not empha- 
size quality assessment of the included studies. 
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In Provoost et al. [2017], 54 studies have been analyzed. More than half 
of them (26) focused on autism treatment, and CAs were mostly used for 
social skill training. This emphasized the usage of CAs as social interac- 
tion partners reinforcing or introducing lacking social behaviors, such as 
joint attention, communication, tactile interaction, imitation, turn taking, 
and job interview skills. More generally, applications ranged from sim- 
ple reinforcement of social behaviors through emotional expressions to 
sophisticated multimodal conversational systems. 

Most applications were still in the development and piloting phase and 
not yet ready for routine practice evaluation or application. Few studies 
conducted controlled research on clinical effects of CAs, such as reduction 
in symptom severity. Even if, in most cases, clinical behavioral outcomes 
were restricted to just pre-/post-measurements within experiments that 
involved relatively small sample sizes, CAs showed a positive effect on user 
engagement and involvement, in particular when CAs were adopted as 
adjunct to already existing CBT-based interventions for different mental 
disorders (depression, anxiety, PTSD). 

Despite the issues discussed above, the analyzed papers permit to 
draw some interesting conclusions: there is a steady growing number of 
papers per year, from 2010, dedicated to “CA and clinical interventions”; 
CAs often show a rich set of multimodal communication modalities, 
while the modalities allowed to users are usually quite simple; and many 
papers emphasize the importance of clinical and non-clinical outcomes. 
Moreover, in particular treating depression and anxiety disorders, the 
anonymity of CAs, their availability, non-judgmental nature, and the abil- 
ity for people to practice social interaction in a safe environment, were 
confirmed to be important reasons to use CAs. 

The central role of NLP and AI algorithms appears evident in the sec- 
ond scoping review published in 2018. The systematic review protocol of 
Laranjo et al. [2018] allowed to include 17 studies evaluating 14 different 
CAs with unconstrained natural language input capabilities. CAs were 
supported by different technologies (apps delivered via mobile device, web 
or computer, SMS, telephone, and multimodal platforms). They were task/ 
non-task oriented, with a mixed/system/user dialogue initiative (some 
working in the domain of depression, anxiety, and PTSD), with different 
input and output formats. 

The following are names of a few CAs: Woebot [Fitzpatrick et al., 2017], 
Miner et al.s study [Miner et al., 2016b], Harlie the Chatbot [Ireland et al., 2016], 
Bzz [Crutzen et al., 2011], and SimSensei Virtual Agent [Lucas et al., 2017]. 
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Most were implemented by means of finite-state, frame-based 
approaches, while just one was able to manage complex dialogues [Miner 
et al, 2016b]. The Bendig et al. [2019] scoping review only considered stud- 
ies that describe CAs based on evidence-based clinical psychological and 
psychotherapeutic scripts. The review included six papers, all published 
between 2017 and 2018; five of them were based on cognitive-behavioral 
scripts and focused on depression, anxiety, mental well-being, and stress. 
To exemplify the complexity of dialogues, the authors describe the design 
of their chatbot named SISU [Bendig et al. 2019]. 

Here are the CAs described in the review: Mylo [Bird et al., 2018], 
Woebot [Fitzpatrick et al., 2017] Gabby [Gardiner et al., 2017], Shim (Ly 
et al., 2017), PEACH [Stieger et al., 2018], and Sabori [Suganuma et al., 
2018]. The six pilot studies mainly concerned with evaluating the practi- 
cability, feasibility, and acceptance of these chatbots. Unfortunately, the 
datasets employed to evaluate the effectiveness (with respect to well-being, 
stress, and depression) are often too small for providing high-quality sta- 
tistical figures and thus a reliable assessment. 

Finally, Vaidyam et al. [2019] focused on populations with or at high 
risk of developing depression, anxiety, schizophrenia, bipolar, and sub- 
stance abuse disorders, and considered studies that involved CAs in a 
mental health setting. The ten studies that met inclusion criteria con- 
firmed the potential of CAs in psychoeducation, self-adherence, high 
satisfaction rating. In some cases, performances on diagnoses were 
declared as good, and the risk of harm from the use of CAs as very low. 
Self-care pathways were described in both clinical and non-clinical 
populations. 

Vaidyam et al. [2019] focused on some of the studies considered by the 
previous surveys. First of all, as previously mentioned, they underlined 
that the voice is the most important factor of a positive experience with a 
CA [Ardito and Rabellino, 2011]; moreover, although the therapeutic rela- 
tionship establishment early in traditional therapy, is predictive of favor- 
able outcomes, little is today known regarding how patients feel supported 
by CAs and how this relationship develops and affects psychiatric out- 
comes. On the latter point, Fitzpatrick et al. [2017], Gardiner et al. [2017], 
and Bickmore et al. [2010] highlight the effect of establishing appropri- 
ate rapport or therapeutic alliance on patient interactions. Scholten et al. 
[2017] and Bickmore and Gruber [2010] suggest patients may also develop 
transference towards CAs, leading to unconscious redirection of feeling 
towards CAs. 
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As final comments on the surveys presented above, Provoost et al. 
[2017] stress that an adaptable, trustworthy, “guiding rather than direc- 
tive” coaching role, and the capacity of empathic expressions without 
reflecting negative ones back to the users, are all desired quality of a CA 
that try to address empathy and emotional states during clinical interac- 
tions. Vaidyam et al. [2019] underline that creating CAs with empathic 
behavior is an important research area. Scholten et al. [2017] further state 
that alliance is better formed between patients and chatbots with rela- 
tional and empathetic behavior, suggesting that patients may be willing to 
interact with these CAs even if their functionalities are limited and even 
if they know that a CA cannot really empathize with “lived experiences.” 
Moreover, another important factor is the unconstrained availability of 
CAs, which creates the opportunity for therapeutic sessions whenever the 
patient wants and needs them [Vaidyam et al., 2019]; however, the effec- 
tiveness of the therapy could also be negatively affected by this “always 
available” support, which poses the risk for the patient to become over- 
attached or even codependent. 


9.4.2 Woebot and Shim: Two CAs for Mental Health and Wellbeing 


Woebot [Fitzpatrick et al., 2017] is a platform-independent app designed 
for therapeutic use (its CA can be deployed on message systems such 
as Facebook Messenger, Kik, Twitter) which has been designed to pres- 
ent mental health materials in an interactive and conversational style. 
It is frame-based, supports a mixed dialogue initiative, and is limited 
to textual input/output. It is a non-embodied CA, and the name has 
been chosen to emphasize the non-human nature of the agent. Finally, 
it is unable to reflect any deep understanding of the user’s particular 
situation. 

The paper by Fitzpatrick et al. [2017] is one of the most cited contribu- 
tions in the field of CAs for psychotherapy. In particular, the objective of 
the study was to determine the feasibility, acceptability, and preliminary 
efficacy of a fully automated CA to deliver a self-help program (based on 
CBT) for college students who self-identify as having symptoms of anxi- 
ety and depression. Ethics and Informed Consents have been considered: 
the study was reviewed and approved by Stanford School of Medicine’s 
Institutional Review Board. 

Many publications on Woebot (some of them peer-reviewed, others 
under approval) can be retrieved on the web, describing experiments of 
controlled usage and evaluation of the agent, and attesting the evidence of 
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clinical efficacy, declaring Woebot to be a feasible, engaging, and effective 
way to deliver CBT. 
Fitzpatrick et al. [2017] describe their CA as follows: 


The bot’s conversational style was modeled on human clinical decision 
making and the dynamics of social discourse. 


Psychoeducational content was adapted from self-help for CBT [...]. 
Aside from CBT content, the CA was created to include the follow- 
ing therapeutic process-oriented features: 


Empathic responses: The CA replied in an empathic way, appro- 
priate to the participants’ inputted mood... 


Tailoring: Specific content is sent to individuals, depending on 
mood state... 


Goal setting: The CA asked participants if they had a personal 
goal that they hoped to achieve over the 2-week period. 


Accountability: To facilitate a sense of accountability, the CA 
set expectations of regular check-ins and followed up on earlier 
activities, for example, on the status of the stated goal. 


Motivation and engagement: To engage the individual in daily 
monitoring, the CA sent one personalized message every day or 
every other day to initiate a conversation (i.e., prompting). In 
addition, “emojis” and animated gifs with messages that provide 
positive reinforcement were used to encourage effort and com- 
pletion of tasks. 


Reflection: The CA also provided weekly charts depicting each 
participant’s mood over time. Each graph was sent with a brief 
description of the data to facilitate reflection... 


From Fitzpatrick et al. [2017] 


The authors realized a Randomized Control Trial. In an unblinded 
trial, 70 individuals (age 18-28 years) were recruited online from a univer- 
sity community social media site and were randomized to receive either 
2 weeks (up to 20 sessions) of self-help content using Woebot, or were 
directed to the National Institute of Mental Health ebook, Depression in 
College Students, as an information-only control group. 
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All participants completed web-based versions of the 9-item Patient 
Health Questionnaire (PHQ-9), the 7-item Generalized Anxiety Disorder 
scale (GAD-7), and the Positive and Negative Affect Scale at baseline and 
2-3 weeks later (T2). 

Acceptability and usability were tested with qualitative questionnaires, 
too: 


Two major themes emerged as ‘the best thing about the experi- 
ence using Woebot’ process and content. In the process theme, 
the subthemes that emerged were accountability from daily check- 
ins (noted by 9 participants); the empathy that the bot showed, or 
other factors relating to his “personality” (n=7); and the learning 
that the bot facilitated (n=12), which in turn was divided into fur- 
ther subthemes of emotional insight (n=5), general insight (n=5), 
and insights about cognition (n=2). 


Three themes emerged as ‘the worst thing about the experience 
using Woebot’: process violations (n=15), technical problems 
(n=8), and problems with content (n=8). By far the most common 
subtheme to emerge among the process violations related to the 
limitations in natural conversation such as the bot not being able to 
understand some responses or getting confused when unexpected 
answers were provided by participants (n=10), and 2 individuals 
noted that the conversations could get repetitive. Technical prob- 
lems were described by 8 individuals, with technical glitches in 
general (n=4) and looping conversational segments (n=4) emerg- 
ing as subthemes. Problems with content were described by 8 
individuals, with most of these relating to emoticons and either 
interactions or content length 8. 


From Fitzpatrick et al. [2017] 


Presenting the results of this preliminary trial, the authors sug- 
gest important aspects to be considered in the future. Considering that 
Bickmore et al. [2005] demonstrated that individuals can develop a mea- 
surable therapeutic bond with the CA after 30 days of usage, the authors 
underline that a standardized measure of working alliance should be 
explicitly explored using — for example - the Working Alliance Inventory 
[Horvath and Greenberg, 1989]. Furthermore, the study suggests that CA 
process factors, such as the ability to convey empathy, may be capable of 
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both amplifying and, conversely, violating a therapeutic process. This 
underscores the importance of including trained and experienced clini- 
cians in design of clinical app processes. 

Shim [Ly et al., 2017] is a fully automated CA built as a smartphone app, 
which has been designed to deliver strategies used in positive psychology 
and CBT interventions for a non-clinical population. It interacts and con- 
ducts conversations via vocal or textual methods. 

The study has been designed to assess the effectiveness and adherence 
of Shim as well as to explore participants’ views and experiences of inter- 
actions with the CA. It was designed as a randomized controlled study in 
a non-clinical population, comparing outcomes from two weeks’ usage of 
the positive psychology-oriented Shim, against a waitlist control group. 

The authors underline the design strategies: the goal of the conversa- 
tions in Shim is to help the user reflect upon, learn, and practice these 
small strategies and behaviors. 


The conversations in Shim are centered around insights, strate- 
gies and activities related to the field of positive psychology. These 
include (but are not limited) to expressing gratitude, practicing 
kindness, engaging in enjoyable activities and replaying positive 
experiences. Also, components from the third wave of CBT are 
included in the strategies taught by Shim, such as present moment 
awareness, valued directions and committed actions. 


The dialogues in Shim have been pre-written by professionals with 
training in psychology. Each dialogue can be represented as a tree 
graph with one or multiple starting points and one or multiple 
closing points. The user replies to Shim mostly via two types of 
statements: (1) comments, requiring inputs from the user such as 
free text, (2) picking elements either from a list or from a fixed set 
of reply options. With language pattern matching and keyword 
spotting, as well as conditional expressions, Shim gives adequate 
responses to the user’s statements. 


From Ly et al. [2017] 


The outcome figures provided by the authors were: the Flourishing 
Scale (FS), a brief 8-item summary measure of the respondent’s self-per- 
ceived success in important areas such as relationships, self-esteem, pur- 
pose, and optimism [Diener et al., 2009]; the SWLS, is a 5-item self-report, 
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7-point scale concerning subjective well-being [Diener et al., 1985], which 
is assessed by measuring cognitive self-judgment about satisfaction with 
one’s life; and the PSS-10, which measures the perception of stress (i.e., 
degree to which situations are appraised as stressful), by asking respon- 
dents to rate the frequency of their thoughts and feelings related to situa- 
tions that occurred in recent time [Cohen et al., 1997]. 

The fully automated intervention allowed significant effects on psycho- 
logical well-being (FS) and perceived stress (PSS-10) among participants 
who adhered to the intervention, when compared to the waitlist control 
group. The participants showed high engagement during the 2-week-long 
intervention. Both these aspects are higher if compared with other stud- 
ies on fully automated interventions claiming to have a good level of user 
engagement. 

Furthermore, qualitative questionnaires revealed interesting involved 
sub-themes, with respect to Content (Activation, Learning, Reflection, 
Repetitiveness, Shallowness), Medium (Routine, Availability, Moderator, 
Lack of Clarity), and Functionalities (Weekly Summary, Lack of 
Notification, Restricted User Interface). 


9.5 ML-BASED SOLUTIONS AND EMPATHIC 
CAs FOR PSYCHOTHERAPY 


9.5.1 Recent Survey on ML-Based CAs and 
Frameworks for Psychotherapy 


Aafjes-van Doorn et al. [2020] presented the literature on ML applications 
in mental health and psychology, focusing on psychotherapy research. 
During the previous two years, other scoping reviews concentrated on ML 
approaches in psychiatry, mental health, and psychology, but no specific 
selection was done on psychotherapy. In particular, Dwyer et al. [2018], 
Shatte et al. [2019], and Graham et al. [2019] focused on ML when used 
for diagnosis, prognosis, treatment, prediction, detection and monitoring 
of potential biomarkers; Imel et al. [2017] - which will be deeper analyzed 
in section 9.6.2 - underlined that technology-enhanced human interac- 
tion, including ML, is likely to have a significant impact on mechanism 
and process, training and feedback, and technology-mediated treatment 
modalities; finally, Tai et al. [2019] suggested that ML can be used in uni- 
son with psychiatry by analyzing the multidimensional, multilevel disease 
models helping mental health practitioners redefine mental illness more 
objectively than currently done in DSM-5. 
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Aafjes-van Doorn et al. [2020] selected 51 studies and analyzed them 
to inform clinicians in the methods and applications of ML in the con- 
text of psychotherapy, to clarify the strengths and weaknesses of these 
methods and considerations within psychotherapy research, and to 
highlight clinical implications and identify potential opportunities for 
further research. 

Two types of studies could be distinguished from the 51 studies: 47 
focused on developing and testing their own ML model, while seven 
[Burns et al., 2011; Hirsch et al., 2018; Imel et al., 2019; Inkster et al., 2018; 
Krause et al., 2019; Tanana et al., 2019; Watts et al., 2014] reported on the 
feasibility of treatment tools that use already-existing ML algorithms. 
Most of such 47 studies used supervised learning techniques to classify 
or predict labeled treatment process or output data, whereas others used 
unsupervised techniques to identify clusters in the unlabeled patient or 
treatment data. Moreover, 16 applied NLP analysis to transform raw texts 
into more useful labeled data. 

Among the remaining seven studies, Tanana et al. [2019] and Hirsch 
et al. [2018] will be deeply analyzed in Section 9.6.2. 

The results of the survey are reassumed in the following: 


There was considerable heterogeneity in the nature of how the 
results were reported across studies. 


12 studies examined whether ML models could be used to pre- 
dict behavioral or observational codes (ratings/labels) assigned by 
human experts; 5 studies examined ML models to identify char- 
acteristics of sessions (transcripts of texts) that predict outcomes 
(end-of-treatment or within sessions); 13 studies used ML models 
to predict treatment outcome based on pre-treatment or question- 
naire/intake data; 9 studies predicted treatment outcome based 
on neuro-imaging data; 4 studies demonstrated the use of ML 
analytics for linguistic coding (between them Imel et al. [2019]); 
2 studies used ML models to predict treatment outcome based on 
ecological momentary assessment during treatment. (...) 


Most of the 44 reviewed studies concluded that ML models were 
effective in predicting the target, whether it was human codes 
used to label data or treatment outcomes, and implied that the ML 
approach was more beneficial than previously applied traditional 
statistical approaches. However, as described above, the level of 
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accuracy, sensitivity, or specificity that is considered to be accept- 
able varies depending on the aims of the study and the dataset. 
None of the studies explicitly compared the ML performance with 
that of more traditional statistical analyses. (...) 


Caution is necessary in order to avoid over-interpreting prelimi- 
nary results. (...) 


Overall, the current applications of ML in psychotherapy research 
demonstrated a range of possible benefits for identifications of 
treatment process, adherence, therapist skills and treatment 
response prediction, as well as ways to accelerate research through 
automated behavioral or linguistic process coding. Given the nov- 
elty and potential of this research field, these proof-of-concept 
studies are encouraging, however, do not necessarily translate to 
improved clinical practice (yet). 


From Aajjes-van Doorn et al. [2020] 


The analyzed studies show that ML brings new possibilities for analyz- 
ing larger datasets, but also that further clinical-research collaborations 
are required to fine-tune ML algorithms for different treatments and 
patient groups, and to identify additional opportunities for ML applica- 
tions to advance psychotherapy process and outcome. In particular, ML 
could help therapists identify mental illnesses at an earlier stage, under- 
stand when and how interventions can be more effective, personalize 
treatments based on an individual’s unique characteristics, and focus 
on the relational aspects of psychotherapy that can only be achieved 
through therapist-patient interactions. To emphasize the role of ML in 
psychotherapy, some of the last points will be further described in the 
following section. 


9.5.2 Three ML-Based Systems: Adikari et al. Framework, 
Wysa, and PopBots 

NLP and ML techniques that are able to improve emotional understand- 
ing and empathetic behaviors of CAs in psychotherapeutic relationships 
characterize the most recent systems analyzed in this section. 

The rich and original contribution of Adikari et al. [2019, 2022] is based 
on a complex cognitive model of users and interactions. The empathic 
CA framework for real-time monitoring and co-facilitation of PCC is 
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well described in the paper. The approach uses NLP and AI algorithms to 
detect patient emotions, predict patient emotional transition, detect group 
emotions (based on individual emotions and collaboration metrics), and 
formulate patient behavioral metrics (based on active, passive participa- 
tion information, and emotional support metrics). 

An ensemble of NLP and ML techniques (among them, Finite State 
Machines and Markov models, lexicon-based models, Naive Bayes, 
Random Forest, Support Vector Machines, Multilayer Perceptron, and 
Logistic Regression) have been used to train, classify, predict, and extract 
shared contents. 

To derive a score from patients’ behavior, the authors combined two 
metrics (emotion engagement and participation): 


e First, in order to derive the ‘emotion engagement score’ of each patient, 
we use emotions, group emotion mentions captured by emotion extrac- 
tion components. Besides, we capture specific concerns expressed by 
patients based on the domain and theme of discussion. As a baseline 
version, we used a clinical ontology of patient concerns provided by 
the clinicians and therapists. This included several physical symptoms 
and social concerns often faced by patients. The concern list was also 
further enriched by using the trained word2vec models, which identi- 
fied similar expressions used by people to express different concerns. 
Following these extraction steps, the relative number of high emotional 
posts, group emotion and concern mention posts by each patient were 
used to derive the ‘emotion engagement score’ metric. 


e Second, in order to capture the ‘participation score’ we calculated 
the volume of content shared by the patient using the average length 
of posts and the average number of posts within a conversational 
setting. Based on these data, we introduce a quantified measure to 
assess patient behaviors that encompass the information and partici- 
pation score of each patient to represent the volume of content shared 
by the individual. The two measures were combined using the fuzzy 
integral. The scores for each metric were combined using a fuzzy 
measure to derive the final patient behavioral score. 


From Adikari et al. [2022] 


It is important to underline the capacity of the framework to make 
proactive decisions based on the patient’s emotional state, and generate 
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personalized responses based on the emotional characteristics of each 
individual. The CA’s automated response generation is triggered based on 
multiple factors of the patient behavior, such as a probability to transition 
into negative emotions and prediction of imminent negative emotions. A 
rule-based emotional message generation, based on the “negativity thresh- 
old” of each patient is used by the systems. Individuals who show a higher- 
than-usual propensity to transit to negative emotion states, based on the 
transition matrix and predictions of imminent negative emotion, are noti- 
fied to the healthcare practitioners as well as used for automated response 
generation. 

Based on patient behavior, the CA supports the psychotherapist with 
specific algorithms for the propagation of empathic conversational 
elements to facilitate new strategies for the human therapist or care 
provider. 

The validation of effectiveness, practical value, and core capabilities of 
the framework, was based on a clinical protocol relying on an online, pro- 
fessionally led, synchronous, text-based online support group for cancer 
patients and caregivers across six provinces in Canada. 

The authors, finally, underline that emotion extraction could be 
improved in the future by addressing the current limitations related to 
detecting ambiguous expressions, idioms, and indirect emotion state- 
ments (i.e., associated to figurative language and irony). 

The second system we will consider is Wysa, a Smartphone-Based 
Empathetic Artificial Intelligence Conversational Agent promoting men- 
tal resilience and well-being using a text-based conversational interface. 
Wysa is declared as a non-clinical device, but it has been proposed to 
young persons with self-reported symptoms of depression (different con- 
texts were considered, among them many university campuses) involv- 
ing and teaching them how to manage their anxiety, energy, focus, sleep, 
relaxation, loss, worries, conflicts, and other situations. 

Despite difficulties encountered in retrieving technical information on 
the architecture and models adopted by Wysa, interesting analysis of its 
clinical usage could be found in Inkster et al. [2018], Meadows et al. [2020], 
and Beatty et al. [2022]. 

In Inkster et al. [2018], two groups of users (high users and low users) who 
engaged in text-based messaging, and self-reported symptoms of depres- 
sion using the PHQ-9, were observed using a quantitative and a qualitative 
approach with good results (but in a too-short time, and involving a too- 
small sample set). 
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The described quantitative analysis measured the CA’s impact by com- 
paring the average improvement in symptoms of depression between high 
and low users. An impact (pre-post) analysis was conducted in relation 
with a context/descriptive one. 

The qualitative analysis measured the CA engagement experience (from 
both effectiveness and efficiency points of view) by analyzing in-app user 
feedback and evaluated the performance of a ML classifier to detect user 
objections during conversations. An NLP-based qualitative thematic anal- 
ysis, on in-app feedback responses was performed. 

The Wysa scientific advisory boards helped to create the capability of 
the app to respond to emotions that a user expresses over written conver- 
sations. They helped to design contents and tools based on evidence-based 
self-help practices such as CBT, dialectical behavior therapy, motivational 
interviewing, positive behavior support, behavioral reinforcement, mind- 
fulness, and guided microactions and tools to encourage users to build 
emotional resilience skills. 

Meadows et al. [2020] compare Woebot, Wysa, and Tess [Fulmer et al., 
2018; Joerin et al., 2019] in sessions lasting a few weeks, to underline that 
the traditional concept of mental health “recovery,” in technologically 
augmented pathways is going to become a cooperative “walkthroughs” 
process. The role of AI technologies and the temporal articulation to adopt 
were also considered. These aspects affect the evaluation parameters, the 
app's vision, its operating model, governance, mediator characteristics, 
registration and entry, and suspension and closure. 

Beatty et al. [2022] specifically concentrated on therapeutic alliance; 
however, their conclusions and use of this concept could be challenged by 
some specialists in the field, given that the evaluation was realized involv- 
ing users for sessions lasting just a few days. 

NLP-based processing is used by Salman et al. [2021] to analyze the 
empathic behaviors of two CAs used with kids: Dr Evie (eVirtual Agent 
for Incontinence and Enuresis) and SAM (Sleep Adherence Mentor). From 
psychological theories, 16 items were identified to analyze the empathic 
dialogic behavior of the CAs playing different roles (senior doctor, psycho- 
therapist, nurse, or physician). 

In particular, ten of the 16 items analyzed verbal relational cues to ana- 
lyze empathy [Bickmore et al., 2005]: 


e Empathy as a cue 


e Social dialogue 
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Reciprocal self-disclosure 

Metarelational communication 

Expressing happiness to see the user 

Talking about the past and the future together 
Continuity behaviors 

Reference to mutual knowledge 

Inclusive pronouns and politeness 


Greeting and farewell rituals 


The remaining six verbal relational cues come from [Richards and 
Caldwell, 2017]: 


Motivational/encouraging adherence/confirming language/affirming 
language 


Decision making/empowerment/clarifying consequences/giving options 
Everyday conversational dialogues 
Information dialogues/educative/explanation 


Tasks/previous treatments/current health status/medical history/ 
treatment adherence/recommendations (future treatments)/family 
history 


Empathy as reciprocal physical, emotional, and cognitive status 


A qualitative analysis of the interactions was used to detect the psy- 
chology-based 16 relational cues. Statistical analysis was used to compare 
usage of relational cues among different healthcare roles. 

Dr Evie is based on scripted dialogues, whereas SAM relies on a 
more sophisticated AI technology that encourages adherence, allows 
clarification cues, and considers the user’s goals and beliefs to increase 
empathy. The architecture of SAM and the availability of interactions 
also allow preferences, medical history, contextual features, and per- 
sonalization to be included in the CA’s reasoning [Abdulrahman and 
Richards, 2019]. 
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An interesting and different approach is described in Mauriello et al. 
[2021]. The authors developed PopBots, a fully automated mobile suite of 
shallow CAs (simplified CAs) for Daily Stress Management, not created to 
replicate or replace humans (i.e., family, friends, or therapists) but rather 
to operate as part of a larger ecosystem of agents providing stress manage- 
ment support. 

In 2014, Paredes et al. [2014] demonstrated that a set of shallow CAs — 
when coupled with a web-based learning recommendation system - could 
help users to improve their long-term stress coping skills. Mauriello et al. 
[2021] extended the previous research on micro-interventions, exploring a 
suite of diverse and specialized shallow CAs for daily stress management, 
to demonstrate how new strategies may offer benefits for both users and 
designers: 


(1) multiple shallow chatbots are capable of delivering micro- 
interventions, lower barriers of time and commitment for users; 
(2) they can be authored and curated more quickly by novice 
designers to produce a variety of high-quality advice options; (3) 
this variety of chatbots could help improve long-term engage- 
ment (i.e., chatbots that fail could be removed); and (4) the suite 
approach allows for future personalization. 


From Mauriello et al. [2021] 


To support the initial idea, they randomly assigned to each participant 
a different CA designed on the basis of a proven cognitive or behavioral 
intervention method, and then measured the effectiveness of such CAs, 
using self-reported psychometric evaluations of the participants’ stress 
level (e.g., web-based daily surveys and PHQ-4). 

Shallow CAs could be quickly developed and evaluated through a 
mixed methods exploratory study and then re-developed. Many conversa- 
tions related to micro-interventions were thus obtained. 

As a result, the authors’ contributions include design recommendations: 


+ Focus on lowering barriers to authorship and generating numerous 
shallow CAs based on the vast amount of available psychological inter- 
ventions for stress management. 


+ Design for learning algorithms to handle recommendation and cura- 
tion of interventions. 
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+ Attempt to score, rank, and classify daily stressors before assigning 
CAs (interventions) to accommodate the differences in low- and high- 
complexity stressors as well as concerns about identifying problems 
that are too severe for the system to handle. 


+ Consider a multitude of user coping and conversational styles, includ- 
ing users who may need a guided intervention or just an opportunity 
to reflect by talking or typing it out into the void. 


+ Measure user personality, CA efficacy, and system engagement to opti- 
mize interactions across users. 


From Mauriello et al. [2021] 


The authors hope that, enriched with a web-based learning recommen- 
dation system, PopBots could be used by the public health system. 


9.6 MODELS AND FRAMEWORKS TO SUPPORT 
PSYCHOTHERAPIST TRAINING AND SUPERVISION 


9.6.1 Conversational Al for the Analysis of Therapeutic 

Interactions and Relations 
The Miner et al. [2016a], Miner et al. [2016b], and Miner et al. [2019] stud- 
ies show that Conversational AI should be incorporated in psychotherapy 
for analyzing therapeutic interactions to foster innovative technological 
solutions and clinical interventions, extending training and supervision 
opportunities for psychotherapists. 

Miner et al. [2016b], in particular, focuses on the Relational Frame 
Theory (RFT), an evidence-based theory of language and mental health 
that underlines the role of affects in language and considers the relation 
between sensation, affect, language, and behaviors. 

To assess the effectiveness of CAs, the authors compared the senti- 
ment dynamics in both human-human and human-CA dialogues. They 
found a persistence in human-human sentiment-related interaction 
norms when switching to human-CA dialogues, showing a tendency of 
users to respond positively to CAs. Some differences were found, how- 
ever; for example, humans were twice as likely to respond negatively when 
faced with a negative utterance by a CA than in comparable situation 
with humans. Similarly, inhibition towards use of obscenity was greatly 
reduced. The authors emphasized that “what makes a therapeutically suc- 
cessful conversation may be dramatically different from a non-therapeutic 


Conversational Agents for Psychotherapy m 209 


conversation...”. They analyzed the Fisher English Training transcript col- 
lection of 11,600 telephone conversations between human participants 
(corpus Fisherl1k), and they used VADER [Hutto and Gilbert, 2014] to 
classify each conversation turn in Fisherl1k into positive, negative, and 
neutral (VADER uses five grammatical and syntactical rules, and a lexicon 
that extends the Linguistic Inquiry and Word Count (LIWC) lexicon to 
cover micro-blogs) observing that: 


The Fisher conversations show a very strong tendency for partici- 
pants to formulate positive-sentiment statements. Upon encoun- 
tering negative statements, the participants showed a consistent 
tendency towards moving the conversations in a positive direc- 
tion. Interestingly, this observation may identify a pattern that 
would not be clinically useful and could differentiate between 
non-therapeutic and therapeutic interactions. 


From Miner et al. [2016b] 


To better analyze sentiments, the authors used two methods: a keyword- 
based approach able to identify sentiments (positive vs. negative moods 
that can be associated to events positive or negative elicitation), and a pre- 
dictive model for the affects given a pair of dialogue lines (usually, a CA 
line followed by the user’s replay). Such model was based in a RNN called 
Affective Neural Network with 2 Gated Recurrent Unit layers [Chung 
et al., 2014] and a Softmax activation function on the output layer. The 
model was trained leveraging emoticons that human partners embedded 
in their utterances to the system, mapping them to seven different affects: 
anger, surprise, happiness, love, sadness, disgust, laughter. They chose these 
affects starting from three sources: manually observed emotions generally 
exhibited by Cleverbot users, the set recently suggested by Facebook (love, 
haha, wow, sad, angry), and the six basic emotions suggested by Dr. Paul 
Ekman (happiness, surprise, disgust, anger, fear, sadness.). 

Considering that awareness of affect mirroring is a key construct in suc- 
cessful therapeutic interaction, the authors connected RFT’s concepts to 
NLP methodologies with a particular attention to empathy (connection 
and engagement). They, in particular, focused on how humans mirror sen- 
timent and how a reflective and validating language is used by the thera- 
pist. The same can be said for reflective and validating communication 
that displays empathy. 
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The Miner et al. [2016b] study focuses on some well-known issues of 
NLP (e.g., analysis of sarcasm, with its mixture of multiple emotions) 
and remembers that language is just one “channel” humans leverage to 
express and understand emotions and empathy. Thus, integrating tex- 
tual-based approaches with time and contingency aspects, or with other 
areas of affective computing (voice, gaze, facial expression, etc.), should 
benefit (as we will underline in Section 9.7) the design of mental health- 
focused CAs. 

As always, with the goal to understand successful conversation strate- 
gies and to make use of these insights in counselor training, Althoff et al. 
[2016] concentrated on counselor conversations. Considering that previous 
studies in psycholinguistics demonstrated the words people use in thera- 
peutic discourses can reveal important aspects of their social and psycho- 
logical worlds [Beck, 1967; Pennebaker et al., 2003; Pestian et al., 2012; 
Ramirez-Esparza et al., 2008], Althoff et al. applied large-scale studies of 
Computational Linguistics to conversations in various clinical settings, 
including psychotherapy. They revealed subtle dynamics in conversations, 
such as coordination or style matching effects, social power and status, 
success in the context of requests, user retention, and novel styles. 

Furthermore, they considered what Howes et al. [2014] wrote on psy- 
chotherapeutic interventions: symptom severity can be predicted from 
transcript data with comparable accuracy to face-to-face data, but insights 
into style and dialogue structure are needed to predict measures of patient 
progress. 

Then, a large quantitative study (on texts) was conducted by the authors 
with interesting results in terms of conversation strategies that are asso- 
ciated with better outcomes; in particular, the most interesting aspects 
are: adaptability, dealing with ambiguity, creativity, making progress, and 
change in perspective. 

We further describe some of these aspects as follows: 


+ Reacting to ambiguity: from the linguistic and the dialogic points 
of view, length, concreteness, strength of the reaction, and response 
style have been considered. 


e To detect temporal differences in how counselors progress through 
different steps of the conversations and the protocol, the authors 
used a message-level Hidden Markov Model (HMM) to produce the 
distribution during each expectation step. 
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+ In terms of coordination and power differences, the authors used 
eight linguistic coordination markers (as suggested by Danescu- 
Niculescu-Mizil [2012], and Danescu-Niculescu-Mizil et al. [2012]) 
to verify that the conversation partners adapt to each other’s conver- 
sational style and that conversation participants who have a greater 
position of power coordinate less. 


+ Perspective change in the client over time is associated with higher 
likelihood of conversation success. 


Finally, addressing depression, the authors proposed a novel measure 
to quantify three orthogonal aspects of perspective change within a single 
conversation: time (from issues in the past to the future), self (from talking 
about themselves to considering others and, potentially, the effects of their 
situations on others), sentiment (change in sentiment; i.e., the presence of 
a positive perspective change). 


9.6.2 Framework and CA to Support Psychotherapist 
Training and Supervision: CORE-MI and ClientBot 

Hirsch et al. [2018] noted that recent advances in ML and NLP provide 
effective methods to leverage spoken language, in psychotherapy sessions, 
as quality indicators and performance-based feedback [Pace et al., 2016]. 
Moreover, recent literature demonstrated that Motivational Interviewing 
(MI) sessions can be evaluated using ML and NLP, and that machine- 
coded sessions can be comparable with human-coded sessions [Atkins 
et al., 2014]. 

Imel et al. [2019] underline that ML algorithms can analyze audio and 
transcripts, generating rating of psychotherapy sessions that are consistent 
with traditional human-derived observer. Very few studies, however, face 
the usage of ML algorithms to give automatic feedback to psychotherapists. 

The request of psychotherapists to be supported during their clinical 
activity, their training and supervision through AI-, NLP-, and ML-based 
frameworks and CAs is growing and has been considered by the research 
group involving (among others) Atkins et al. [2014], Hirsch et al. [2018], 
Imel et al. [2019], and Tanana et al. [2019]. 

The Counselor Observer Ratings Expert for Motivational Interviewing 
(CORE-MI by Hirsch et al. [2018]) is an interesting and innovative auto- 
mated evaluation and assessment system that provides feedback to men- 
tal health counselors and psychotherapists on the quality of their activity. 
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The system has been evaluated by 21 counselors and trainees, considering 
the applicability of the system to clinical practice and the users’ percep- 
tion in terms of surveillance, workplace misuse, notions of objectivity, and 
system reliability. 

The system has been built considering the MI methodology for clini- 
cal interventions, because of its effectiveness in promoting behavioral 
change, and its reliance on the therapeutic relationship (i.e., empathy 
and collaboration). The main goal of the system was to support the psy- 
chotherapist relational strategies, such as the use of open-ended ques- 
tions, and making high-quality reflections of what the client said during 
the session. 

The paper by Can et al. [2014] describes the processing steps and the 
goals of each step: vocal exchanges are segmented and assigned to the 
speakers; then, Automatic Speech Recognition (ASR) is applied to obtain 
transcriptions; and finally, text and speech predictive models are applied 
to obtain CORE-MI post-session reports. Additionally, paralinguistic 
information - such as prosody, pitch, speech rate, and intensity — are all 
estimated. A variety of ML approaches were used; in particular, the system 
makes use of the Barista open-source speech processing framework [Can 
et al., 2014]. 

CORE-MI provides feedback on standard MI quality measures, 
described in the Motivational Interviewing Treatment Integrity Scale 
[Moyers et al., 2010]. The report presents users with an overall MI 
fidelity score: a composite metric of the six standard summary mea- 
sures of MI quality (empathy, MI spirit, reflection-to-question ratio, 
percent open questions, percent complex reflections, and percent MI 
adherence). 

In particular, the two following evaluation concepts are quite interesting: 


+ MI adherence divides the total number of MI-adherent utterances 
(e.g., asking open questions, making complex reflections, support- 
ing and affirming patients, and emphasizing client autonomy) by the 
sum of MI adherent and MI non-adherent counselor behaviors. 


+ MI spirit and empathy captures the “gestalt” of the session, assess- 
ing the overall competence of the counselor along the dimensions 
of: collaboration, evocation, and autonomy. Moreover, empathy mea- 
sures the extent to which the counselor tries to understand the cli- 
ent’s perspective. 
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Counselors in community clinical practice are rarely evaluated, and 
never by an automated system. To prevent disruptive reactions or not 
acceptance, the authors conducted a study of user attitudes towards auto- 
mated evaluation. The following were formulated: 


e Receptivity: how open are counselors to the concept of automated 
evaluation? 


e Workflow: what role, if any, can counselors imagine automated eval- 
uation playing in their clinical practice? 


+ Concerns: what concerns, if any, do counselors have about introduc- 
ing automated evaluation into their practice? 


The system usage was particularly appreciated by psychotherapists for 
two main reasons: 


e Psychotherapists could compare scores from measures on the 
CORE-MI with their perceptions of how they conducted therapy 
(therapeutic style and experience level) 


e CORE-MI could be integrated into the supervision and training 
of new counselors by generating detailed feedback for trainees and 
opening discussion of development of specific skills. 


Another original use of CAs for psychotherapist training is 
described in Tanana et al. [2019]. The authors developed and evalu- 
ated ClientBot, a patient-like neural CA, which provides real-time 
feedback to trainees via chat-based interaction. NLP models were used 
by Tanana et al. to replicate behavioral coding evaluations of psycho- 
therapy and to create the opportunity for simulating a standardized 
patient without the cost of recruiting and training human patients. 
According to Tanana: 


Training therapists is both expensive and time-consuming. 
Counseling skills practice often involves role-plays, standardized 
patients, or practice with real clients. Performance-based feedback 
is critical for skill development and expertise, but trainee thera- 
pists often receive minimal and subjective feedback, which is dis- 
tal to their skill practice. 
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To address the challenges related to the need for scale and imme- 
diacy in training new skills in psychotherapy, the authors devel- 
oped and evaluated a Web-based system that uses machine 
learning-based feedback for training 2 specific counseling skills: 
open questions and reflections. The feedback is embedded into a 
text-based neural conversational agent, developed to be a stan- 
dardized patient. Thus, the skills training relied on an automated 
standardized patient—ClientBot—which provided real-time feed- 
back to trainees on their utilization of specific counseling skills. 


a) 


The text-based conversational agent was trained on an archive of 2354 
psychotherapy transcripts and provided specific feedback on the use 
of basic interviewing and counseling skills (i.e, open questions and 
reflections—summary statements of what a client has said). A total of 
151 non-therapists were randomized to either (1) immediate feedback 
on their use of open questions and reflections during practice session 
with ClientBot or (2) initial education and encouragement on the skills. 


From Tanana et al. [2019] 


Satisfaction with the ClientBot system in general, and Satisfaction with the 
ClientBot Simulated Client were both measured: the majority of respon- 
dents said that system was not boring and that they thought the system 
gave useful information. 


9.7 CONCLUSIONS AND FUTURE RESEARCH 


A reasoned survey of the most recent literature describing CA, NLP, and ML 
solutions for psychotherapy and specialists’ training was proposed with a dou- 
ble intent: to allow the enrichment of clinical interventions and to invite NLP 
and ML experts to consider this applicative domain as particularly important 
for the development of CAs, their interactive models, and their evaluation. 

The research experiences of the author underline aspects that are still 
neglected and should be deeply analyzed and better modeled and imple- 
mented in new solutions: 


e The vocal and prosodic dimension of dialogues is a powerful chan- 
nel of affective and intention expression [Cenceschi et al., 2018; 
Schuller and Batliner, 2014; Schuller et al., 2013; Wennerstrom, 2001]. 
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Paralinguistic feature, considered with linguistic ones, influence the 
reciprocal tuning [Rocco et al., 2018; Sbattella et al., 2014] and sup- 
port empathic behaviors allowing the transformation of the self in 
psychotherapeutic relations. 


+ The multilevel nature of interactions should be taken into account to 
support a rich analysis of interactions in psychotherapy, for training 
and supervision (as in Sbattella et al., [2014] where an HMM-based 
framework was applied to analyze interrogations in law courts): 
emotions, interpersonal motivational systems [Liotti and Monticelli, 
2008], contents and narrative, moments of discontinuity at different 
levels, and speakers’ personalities should be considered and made 
evident to the trainees. 


e Particular attention should be paid to the discontinuities: the spe- 
cialist should be supported with instruments allowing the analysis 
(at different levels) of what happened before and after a discontinuity 
moment. 


e Complex psychotherapeutic intervention (and not only micro- 
intervention) should be adequately analyzed and supported. More 
psychotherapeutic models should be addressed and implemented. 


e Specific research should be dedicated to defining methodologies that 
allow to create specialized corpora of clinical dialogues and results, 
while respecting client privacy. New methodologies should be able to 
anonymize data to cope with the ML capabilities of understanding 
identities through the management of big and dispersed data. 


+ Recent models should be used to consider the client's and thera- 
pist’s personalities. Not only language-based personality models 
(such as the Big5 by Costa and McCrae [1992]) should be consid- 
ered, but also models that consider personalized ways of feeling, 
integrating and regulating - specifically and globally - body reac- 
tions, emotional skills, and cognitive aspects orienting dialogue, 
relations and transformative psychotherapeutic processes (such as 
Panksepp [2018]). 


As outlined in this chapter, considering that one of the most important 
aspects of the psychotherapeutic interventions deals with empathic reso- 
nance and affective management, and that these capabilities are going to 


216 m Machine Learning and Deep Learning in Natural Language Processing 


be better studied in the near future by NLP and ML, we have to encourage 
a clinical and technological research work that promises to be interesting, 
rich, and socially useful. 
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